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Abstract 
    In the present time, liver disease becomes one of the significant topics 

for researchers in the field of medical technology. Patients with liver 

disease can only be saved if and only if the disease is early discovered, 

otherwise the chance of survival chances is slim. The most significant 

issue, according to this, is early and accurate detection, which is crucial 

for curing this disease. A Classification is one of the main issues in the 

knowledge discovery fields and sciences decision. There are many types 

of algorithms used for constructing classifiers and liver disorder 

detection. 

    In this thesis, efficient liver disease classification model have been 

built to increase the accuracy and decrease the error rate in the disorder 

detection process. The proposed model consists of four main stages: pre-

processing, split of data, z- score normalization and classification of the 

liver disease stage. Datasets may contain some missing values. In this 

proposed model the way to handle these values is done by replacing each 

missing value with the mean value. In this thesis, five algorithm 

(Decision Tree, Random Forest, Artificial Neural Networks, Support 

Vector Machine, and K-Nearest Neighbour) are used. 

    The proposed model has been tested by using two liver datasets (Indian 

Liver patients and Iraqi liver patients). In comparison to other existing 

approaches, the results show that the model has a high accuracy rate, the 

accuracy of the Decision Tree, Random Forest, Artificial Neural 

Networks, Support Vector Machine, and K-Nearest Neighbour using Iraqi 

liver patient dataset is 99.06%, 99.06%, 95.32%, 89.71, and 87.85% and 

when using Indian Liver patient Dataset the accuracy rate is 80.34%, 

77.77%, 84.61%, 80.34%, and 77.77%. 
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Chapter one 

 General Introduction 

1.1 Introduction 

    The Healthcare industry contains big and complex data that may be 

required in order to discover fascinating pattern of diseases and makes 

effective decisions with the help of different machine learning techniques. 

data mining techniques are used to discover knowledge in database and 

for medical research [1]. 

    Data mining techniques such as classification and prediction, 

clustering, association rule mining and various mining methods can be 

useful to apply on medical data. 

    liver has a vital role in the human body functions from protein 

production to removing toxins from the body and it is essential for the 

survival. The failure of liver functioning leads to the death. The 

functioning of the liver is examined by two types of tests such as imaging 

test and liver function tests which help to diagnose liver diseases. Liver 

diseases are caused by many factors such as stress, food habits, 

consumption of alcohol drug intake, etc. In recent days, it could be found 

that it is very difficult to detect at an early stages symptoms are very hard 

to identify. The physician often slips to detect the liver disease which 

leads to improper medical treatment. Various data mining algorithms can 

be used to classify the various disease stages including early stage so that 

it could be help the physician to give the proper treatment [2]. 

    Classification can be considered as one of the most common operations 

in data mining. Classification is a process that divides the dataset into 

specified sections and then classifies the data which is a two-phase 

process: 

     In the first phase, it develops a model based on educational datasets of 

databases and then creates educational dataset including records, samples, 

examples and things with a collection of attributes and aspects. Each 

sample has a specific class label [3].  

    In the second phase, the developed model in the previous phase is used 

to classify new samples [3]. 
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    Classification algorithms can be either supervised or unsupervised 

based on the learning mechanism. Supervised learning is implemented by 

set of labels defined prior in the training set. The function is mapped for 

new unseen data to predict the labels. Few examples are Artificial Neural 

Network, Bagging, Boosting, Naive Bayes, Kernel-based classifiers, 

Nearest Neighbor algorithm, Decision Trees, Random Forest, and other 

ensemble of classifiers. Whereas unsupervised learning identifies the 

missing or hidden patterns in unlabelled data without any labels. They are 

commonly used for dimensionality reduction of feature space. The 

unsupervised ensembles include clustering approaches, self-organization 

maps, hidden Markov models and adaptive resonance theory [4]. 

    In this thesis, a liver disease classification system is proposed, which 

uses the liver function test of a possible patient along with his/her private 

information. Each attribute of liver function test is normalized its values 

using z-score normalization. The Decision Tree (DT), Random Forest 

(RF), Artificial Neural Network (ANN), Support Vector Machine (SVM), 

and K-Nearest Neighbor (KNN) algorithms is used as a classifier to 

classify if the person have liver disease or not 

1.2 Related Works 

    This section reviews some of previous studies and explains the 

different techniques that are used for classify liver disease. 

  L. Alice Auxilia (2018) [5]: proposed a paper based on different 

classification techniques such as Decision Tree, Naïve Bayes, 

Random Forest, Support Vector Machine and Artificial Neural 

Network. The dataset are taken from the UCI vault. It has been 

seen that decision tree gives better outcomes contrast with other 

order classification algorithms. The accuracy obtained of applying 

the Decision Tree Random Forest, Support Vector Machine and 

Artificial Neural Network was 81%, 77%, 77%, and 71%. 

 Nazmun Nahar & Ferdous Ara (2018) [6]: proposed a paper for 

prediction liver disease in early stages by using different decision 

tree techniques J48, LMT, Random Forest, Random tree, REPTree, 

Decision Stump & Hoeffding Tree. The data are collected from 

UCI Machine Learning Repository. The analysis proves that 

Decision Stump provides the highest accuracy than other 
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techniques. Decision Stump outperforms well than other 

algorithms and its achieved accuracy is 70.67% while the accuracy 

with Random Forest is 69.30%. 

 Thirunavukkarasu K et al. (2018) [7]: proposed a paper to 

predict liver disease using different classification algorithms. The 

algorithms used for this purpose of work is Logistic Regression, K-

Nearest Neighbour and Support Vector Machines. The dataset is 

taken is from the Indian Liver Patient Dataset (ILPD). This is 

downloaded from UCL Machine Learning Repository. Accuracy 

score and confusion matrix is used to compare this classification 

algorithm. Logistic Regression and K-Nearest Neighbour have the 

highest accuracy with 73.97% while the accuracy with Support 

Vector Machines is 71.97%. 

 Nazim Razali et al. (2019) [8]: proposed paper to predict liver 

disease using different classification algorithms. This study used 

classification and regression as data mining tasks. In classification, 

models are evaluated using Bayes point machine and neural 

network as algorithms, while regression using linear regression and 

Poisson regression. This study used dataset from the University of 

California Irvine (UCI) repository. The results showed that Bayes 

Point Machines algorithm is the best algorithm used for solve the 

problem relating to the liver disease with accuracy 70% while 

neural network achieved accuracy with 66%. 

 A.K.M Sazzadur Rahman et al. (2019) [9]: proposed paper to 

evaluate the performance of different Machine Learning algorithms 

in order to reduce the high cost of chronic liver disease diagnosis 

by prediction. They collected a dataset from the UCI Machine 

Learning Repository. They used six algorithms Logistic 

Regression, K Nearest Neighbors, Decision Tree, Support Vector 

Machine, Naïve Bayes, and Random Forest. The performance of 

different classification techniques was evaluated and The accuracy 

that obtained was 75%, 74%, 69%, 64%, 62% and 53% for LR, 

RF, DT, SVM, KNN and NB.  

 Md. Shafiul Azam et al. (2020) [10]: proposed paper to predict 

liver disease using some efficient classification algorithms: 

Random Forest, Perceptron, Decision Tree, K-Nearest Neighbors 

(KNN), and Support Vector Machine (SVM). These  classification 
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algorithms are applied to the original liver patient datasets 

collected from the UCI repository, then analysed features and 

tweaked to improve the performance of this predictor and made a 

comparative analysis among the classifiers. The accuracy before 

Apply feature selection was 60%, 39%, 64%, 66%, and 71% for 

DT, P, RF, KNN, and SVM. The accuracy after apply feature 

selection became 72%, 66%, 73%, 74%, and 72%. 

 Rashid Naseem et al. (2020) [11]: In this work, Researchers are 

trying to project a model for the early prediction of liver disease 

utilizing various machine learning approaches. They used ten 

classifiers including A1DE, NB, MLP, SVM, KNN, CHIRP, CDT, 

Forest-PA, J48, and RF to find the optimal solution for early and 

accurate prediction of liver disease. The datasets utilized in this 

study are taken from the UCI ML repository and the GitHub 

(ILPD) repository. It has been seen that the RF classifier has 

highest accuracy for dataset from UCI ML repository and accuracy 

was 72.17%,58.26% and 62,89% for RF, SVM, KNN. SVM has 

highest accuracy for Dataset from GitHub repository (ILPD) and 

accuracy was 71.35%, 69.29%, and 64.15% for SVM, RF, and 

KNN. 

 Jagdeep Singh et al. (2020) [12]: proposed paper to predict liver 

disease using classification and feature selection technique. The 

implementation of proposed work is done using (ILPD) using 

different classification algorithms such as such as Random Forest, 

K-Nearest Neighbor, SMO, Logistic Regression, Naïve Bayes, and 

J48. The accuracy was achieved by RF, and KNN before using 

feature selection technique 71.53%, and 64.15%, while the 

accuracy after apply feature selection technique 71.87%, and 

67.41%. 

1.3 Problem Statement 

     Patients with the liver disease continue to increase and the symptoms 

of the disease are difficult to detect. Therefore many people suffer from 

liver damage but they feel healthy, it causes many medical practitioners 

to often fail to detect the disease. Therefore accurate detection is 

necessary to help the medical practitioner to give proper medication and 

medical treatment. So the medical classification model will help a doctor 

to automatic classification and reduces the workload. 
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1.4 Aim of Thesis 

    This thesis aims to design and implement a liver disease classification 

model able to accurately classify if the person have liver disease or not 

based on the 10 important attributes of liver disease using a DT, RF, 

ANN, SVM, and KNN.  

1.5 Outline of Thesis 

The rest chapters in this thesis are organized as follows: 

Chapter Two: Theoretical Background  

    This chapter clarifies the definition and Knowledge discovery in 

databases (KDD) steps, it also explains the Data mining techniques used 

for classification. 

Chapter Three: The Proposed System 

    This chapter describes the proposed classification model with its 

design and implementation. 

Chapter Four: Experimental Results and Evaluation 

    This chapter shows the implementation results of the proposed model 

steps and evaluates these results. 

Chapter Five: Conclusions and Suggestions for Future work 

    This chapter presents the conclusions of this work. Furthermore, it 

provides suggestions for future work. 
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Chapter Two 

 Theoretical Background 

2.1 Introduction 

    Data mining uncover patterns from the large amount of information 

stored and used to build predictive models. Medical field consist of large 

amount of data that needs to be processed. Data mining in medical field 

improves the accuracy of prediction of healthcare patterns. Data mining 

techniques such as classification and prediction, clustering, association 

rule mining and various mining methods can be useful to apply on 

medical data [13].                                                                                     

2.2 An Overview of liver Diseases 

    Liver disease is any trouble of liver function that causes sickness. The 

liver is responsible for many dangerous functions within the body and 

should it become diseased or damaged, the loss of those functions can 

cause significant injury to the body. Liver disease is also referred to as 

hepatic disease. Liver disease is a large term that covers all the potential 

problems that cause the liver to fail to perform its designated functions 

[14].                                                                                                           

There are many type of liver disease [14]: 

 Fatty liver is a revocable condition where large vacuoles of 

triglyceride fat acquire in liver cells via the process of limit. It can 

occur in people with a high level of alcohol consumption as well as 

in people who never had alcohol. 

 Hepatitis (usually caused by a virus spread by excess 

contamination or direct contact with infected body fluids). 

 Cirrhosis of the liver is one of the most serious liver diseases. It is 

an action used to indicate all forms of diseases of the liver 

characterized by the significant loss of cells. The liver gradually 

contracts in size and becomes leathery and hard. The regenerative 

action continues under liver cirrhosis but the progressive loss of 

liver cells exceeds cell replacement. 

 Liver cancer. The risk of liver cancer is higher in those who have 

cirrhosis or who had valid types of viral hepatitis; but more often, 

the liver is the site of secondary (metastatic) cancers spread from 
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other organs. The stages of liver disease are shown in the below 

figure.        

 

Figure 2.1: Liver disease stages [15] 

    Liver disease is a major cause of mortality, with high numbers of 

hospital deaths, and disproportionately affects people younger than 65 

years. Liver disease is a common cause of mortality, accounting for 2% 

of all deaths worldwide, according to a global estimate in 2010.1,2 In 

Europe, liver disease is the seventh leading cause of death. In the USA, 

the proportion of people who died from chronic liver disease, cirrhosis, or 

liver cancer was 2·4% in 2014. Similarly, about 2% of deaths in the UK 

were from a liver disease, where it is currently the fifth most common 

cause of death in those younger than 65 years, and the number of people 

who die from end-stage liver disease is still increasing. Compared with 

other organ failures or terminal illness, liver disease disproportionately 

affects people younger than 65 years, hence it is becoming one of the 

largest causes of premature mortality [16].                                                  

                                                                             

2.3 Liver Functions Test 

    The dataset that will explain in chapter four consists of several blood 

tests subjects which are considered sensitive in the classification of a liver 

disease. Some significant blood tests are:                                                  

 Total Bilirubin: This is a blood test that measures the amount of a 

substance called bilirubin. This test is used to find out how well 

your liver is working. It is often part of a panel of tests that 

measure liver function. A small amount of bilirubin in your blood 

is normal, but a high level may be a sign of liver disease [17]. 

 Direct Bilirubin: Indirect bilirubin is formed by the breakdown of 

haemoglobin in the red blood cells. The liver converts this bilirubin 

into direct bilirubin, which can then be released into the intestine 
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by the gallbladder for elimination. Total bilirubin levels are 

therefore indicative of both the destruction of red blood cells and 

the proper functioning of the liver, gallbladder, and bile ducts [17]. 

 Alkaline phosphatase (ALP): It is an enzyme. ALP is generally 

found in our liver, bile ducts and bones. High levels of ALP can 

indicate liver damage, bone disease or blockage of the bile ducts. 

Hence, ALP tests combined with other blood tests helps in the 

detection of liver diseases [18]. 

 Alanine transaminase (ALT): It metabolizes protein in our body. If 

liver doesn’t function properly or is damaged, in that case ALT is 

released in the blood stream leading to high ALT levels. Hence, 

high levels of ALT above the prescribed range are signs of liver 

damage [18]. 

 Aspartate aminotransferase (AST): This enzyme is found in 

different parts of our body including liver, muscles and the heart. 

Though, AST levels aren’t specific for liver damage it is still 

helpful in the diagnosis of liver disease by checking it’s ratio with 

ALT. AST is released into the blood if liver is damaged. Therefore, 

high AST might indicate liver damage [18]. 

 Total Protein: The total protein test measures the total amount of 

protein in your blood and specifically looks for the amount of 

albumin and globulin [17]. 

 Albumin: Albumin is a protein made by the liver. Albumin helps 

keep fluid in your bloodstream so it doesn't leak into other tissues. 

It is also carries various substances throughout your body, 

including hormones, vitamins, and enzymes. Low albumin levels 

can indicate a problem with your liver or kidneys [17]. 

 A/G Ratio: The A/G ratio is calculated from measured total 

protein, measured albumin, and calculated globulin. Because 

disease states affect the relative amounts of albumin and globulin, 

the A/G ratio may provide a clue as to the cause of the change in 

protein levels [19]. 

2.4 Knowledge Discovery Process in Database 

    In the data mining process, computers can be trained to think like a 

human, through previous experience on a large database, to help human 

knowledge and reasoning skill based decision making. It is also known as 

knowledge extraction from data, knowledge mining from data, 
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knowledge discovery process or knowledge-discovery in database (KDD) 

[22]. The KDD process is outlined in figure (2.1). It is iterative and 

interactive including the following steps [20].                                             

 

Figure 2.2: Steps in KDD Process [21] 

 (a) Data Selection: In this step, a decision is made on the data which is 

relevant to the analysis, and those are retrieved from different locations. 

(b) Data Preprocessing: The data processing step itself consists of a 

combination of two different task. One of them is data cleaning, and the 

other one is data integration. Both are outlined below:                             

 Data Cleaning: In the data cleaning, also known as data 

cleansing, phase noise data and the data which is irrelevant to the 

analysis are removed from the collected data. 

 Data Integration: In the data integration phase, multiple data 

sources are combined into a common source. It is worth       

mentioning here that the data sources are often heterogeneous. 

(c) Data Transformation: In the data transformation, also referred as 

data consolidation, phase the data which is already selected is 

transformed into forms to make it appropriate for mining procedure. 

(d) Data Mining: This step is the crucial step, clever techniques are 

applied to extract potentially useful patterns. 

(e) Interpretation and Evaluation: Based on given measures, 

interesting patterns representing knowledge are identified in this step. 
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(f) Knowledge representation: This is the final step of the KDD process. 

In this step, the discovered knowledge is presented visually to the user. 

Visualization techniques are used in this essential step to assist users to 

understand and interpret the results obtained from the data mining. 

2.5 Data Mining Applications in Healthcare 

    The successful mining implementations have been accomplished in the 

healthcare field, and this section describes it below. 

(a) Identifying health risks in patients: With the help of medical big 

data, robust mining methods and model building solutions, we can 

identify patients with high-risk health conditions. This information can be 

harnessed by doctors and medical staff to identify the condition to take 

steps to improve healthcare quality and to prevent health problems in the 

future [22]. 

(b) Patient monitoring: The use of big data makes the work easier for 

doctors and staff, and enables them to work all the more proficiently. 

Sensors are utilized and set up near the beds of patients to persistently 

screen pulse, blood pressure, and respiratory rate. Any change is detected 

immediately and the staff is alerted [22]. 

(c) Informed strategic planning and predictive analytics: Quick and 

smart decisions ought to be taken when treating patients encountering 

complex conditions. The role big data plays here is altogether more basic 

in this condition. Big data yields bits of information which empower 

professionals to reach informed decisions and upgrade general treatment 

processes. These bits of information furthermore help in the insightful 

examination, as it provides much more accurate understanding [22]. 

(d) Hierarchical medical model based on big data: In this model, 

medical information can be recorded and shared among clinics at various 

levels. The critical fundamental patient data including physical 

examination documents, medical records, lab results, imaging results, 

prescription records, and other applicable data can be transmitted to 

providers of health services, which would enable patients to receive 

consistent health treatment when they seek medical services. 

Additionally, without being limited by space and time, primary hospitals 

or clinics can access resources of larger hospitals. Medical specialists of 

advanced health facilities can actively take part in the medical activities 

of lower level health facilities online and thus help the medical specialists 

at these facilities to improve their quality of health services. As a result of 
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this, specialists across different facilities can build up relationships with 

each other, which can prove to be beneficial. Moreover, patients would 

have the advantage of getting consistent medical treatment at various 

establishments [22]. 

2.6 Data Normalization 

    Normalization is one of the data pre-processing techniques used in 

most of Data Mining model. An attribute of a dataset is normalized by 

scaling its values so that they fall within a small-specified range, such as 

0.0 to 1.0. There are various techniques of normalization are available 

such as z-score, max-min and decimal normalization [23]. 

2.6.1 Z-score Normalization 

    Z-score normalization is also called zero-mean normalization, this 

technique uses the mean and standard deviation for each attribute across a 

dataset to normalize each input attribute vector according to the equation 

[24]. It is a linear technique in which, initially, mean (�̅�) and standard 

deviation (  ) of the specific feature values are computed using [25]: 

                                          x̅ = 
1

N
 ∑ xi

N
i=1                                               (2.1) 

 

And,                            σ2 = 
1

N−1
 ∑ (xi − x̅)2N

i=1                                    (2.2)    

 

The normalized attributes is then given by: 

                                            x̂ = 
xi− x̅

σ
                                            (2.3)    

2.7 Classification 

    Classification is supervised learning technique which predicts the 

target class of each sample in data where the classes are predefined. 

Classification algorithms requires classes that defined and being based on 

data attribute values [15]. The classification process is summarized in two 

phase: the first phase represents the training phase while the second phase 

represents the classification where the model is used to predict the class 

label of the given data. The training phase involves building a classifier 

that describes a previous defined set of data classes, where the 

classification algorithm forms the classifier by learning from training data 
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and related class labels, this phase can be described as a learning phase 

where the function y= f(x) can predict the label of the related class for the 

given data. Where the accuracy of the prediction is first computed. In 

supervised classification, the majority of the effort if done prior to the 

actual classification. Supervised classification can be much more accurate 

than unsupervised classification, but depends heavily on the training, 

misclassifications will be found. Supervised classification requires a close 

attention to the development of training data. The classification results 

will be bad if the training data is poor or not representative [26]. 

2.8 Decision Tree (DT) 

    Decision tree is a supervised machine learning algorithm suitable for 

solving classification and regression problems. Decision trees are 

recursively built by applying split conditions at each node that divides the 

training records into subsets with output variable of same class. The 

process starts from the root node of the decision tree and progresses by 

applying split conditions at each non-leaf node resulting into homogenous 

subsets [27]. 

    Decision tree is one of the predictive modeling technique used in data 

mining. It aids to divide the larger dataset into smaller dataset indicating a 

parent-child relationship. Each internal node is labeled with an input 

feature. Different kind of attribute test are express by internal nodes, test 

result are represent by bifurcations and nodes of leaf express 

classification of that type. Decision tree can handle both numerical and 

categorical data. It is well suited with large datasets. Higher accuracy in 

decision tree classification technique depicts that the technique can 

simulate. It is a successful supervised learning approach which has the 

capability of extracting the information from vast amount of data based 

on decision rules [28]. 

2.9 Decision Tree for Classification 

    Decision tree can be a flow chart resembling a tree structure, where 

every internal node is denoted by rectangle and the leaf nodes are denoted 

by ovals. This is often used algorithm because of easy implementation 

and easier to understand compared to different classification algorithms. 

Decision tree starts with a root node that helps the users to take required 

actions. From this node, users split every node recursively according to 

decision tree learning algorithm. The ultimate result is a decision tree in 

which each branch represents an outcome. Decision tree also a visual 
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representation of a reasoning process and particularly suitable for solving 

classification problems. Each leaf node is labelled with a class label. The 

class label decided by the class of the records that ended up in that leaf 

during training [29]. 

 

Figure 2.3: Decision Tree Classification [30] 

 

    In decision trees, classification processing is carried out in two steps: 

learning and classification. In the learning step, the so-called "training 

data set" is used, in which the results matched to the values are known. 

This training data is transmitted to decision tree classification algorithm 

and analyzed by algorithm for create the model. These models learned as 

a result of the analysis are defined as classification rules or decision trees. 

With the end of the learning process, the second step, the classification 

step, is started. In the classification step, the data set called "test data set" 

is used. This step is performed in order to determine the correctness of the 

created classification rules or decision tree. If accuracy is acceptable, 

rules or a decision tree can be used to classify new data [31]. 

2.10 Decision Tree algorithms 

    Various algorithms have been proposed to be used in decision trees. 

Some of these developed algorithms can be listed as ID3 and  C4.5 [31]. 

2.10.1 ID3 Algorithm 

    The ID3 (Iterative DiChaudomiser3) algorithm was developed by J. 

Ross Quinlan (1979). This Decision tree algorithm is based on the 

conceptual learning system (CLS) algorithm. In cases where the training 
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set contains too many records and there are many qualities, ID3 algorithm 

can be used in cases where a reasonable decision tree structure can be 

created with few calculations. ID3 is an algorithm with a recursive 

structure, it cannot operate on numerical attributes or in cases where there 

is missing data, nor does it perform any pruning while the tree structure is 

created or after it is created. Basically, This algorithm is used to classify 

categorical attributes into a tree structure [31]. 

The ID3 algorithm requires more memory. When working with 

continuous data and missing data, it does not give an acceptable result. 

There may be excessive learning (overfitting) or excessive classification 

[31]. 

2.10.2 C4.5 Algorithm 

    With the study published by J. Ross Quinlan in 1993, the C4.5 decision 

tree algorithm, which is accepted as an advanced version of the ID3 

algorithm and set out to eliminate the missing sides of the ID3 algorithm, 

was created. In this algorithm, created to address the missing aspects of 

the ID3 algorithm, data sets containing missing data can be processed and 

pruning can be done in complex decision trees. The C4.5 algorithm can 

be used for attributes with continuous values. In addition, the C4.5 

algorithm contains a 'gain rate' value different from ID3 and creates a 

classification decision tree by recursively dividing the data into subsets 

[31]. 

C4.5 algorithm is Faster than ID3. Memory and computing efficiency are 

higher. Information is used for classification and creates trees with 

multiple branches emerging from each node. It can work with missing or 

continuous data. It avoids overfitting the data. It allows to determine how 

much the decision tree will be grown [31]. 

The C4.5 was used in this thesis. 

2.11 Impurity Measure 

    To measure the impurity value of a split condition several indices are 

proposed viz., GINI index, Information gain, gain ratio and 

misclassification rate.  

2.11.1 Entropy 

    Information gain is based on Entropy. Entropy measures the extent of 

impurity or randomness in a dataset. If the observations of subsets of a 
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dataset are homogenous, then there is no impurity or randomness in the 

dataset. If all the observations of subsets belong to one class, the entropy 

of that dataset would be 0. Entropy is defined as the sum of the 

probability of each label times the log probability of that same label [27]. 

    Let S be set consisting of s data samples with m distinct classes. The 

expected information needed to classify a given sample is given by [32]: 

                          I(S) =  − ∑ pi log2
m
i=1 pi                                       (2.4) 

   Where pi is the probability that an arbitrary sample belongs to class Ci 

and is estimated by si /s. 

2.11.2 Information Gain 

    Information gain is a measure which makes it possible to discover, 

among all attributes which characterize a set of records or objects, the 

attribute that return enormous information about these records. In other 

words, the attribute that return the lowest impurity. If we have a parent 

node composed of several objects, each object has several attributes and a 

class label. We can partition the parent node into sub-set using an 

attribute. The goal is to discover the attribute that partitions the parent 

node of objects or records into sub-sets, with the following constraint, 

each sub-set must be the purest set possible. Means that the sub-set must 

has a low impurity value [33].  

    Let attribute A has v distinct values. Let sij be the number of samples 

of class Ci  in a subset Sj . Sj  contains those samples in S that have value 

aj  of A. The entropy, or expected information based on the partitioning 

into subsets by A, is given by [32]: 

                    E(A) = − ∑ I(S)m
i=1

s1i+s2i+ ⋯ smi

s
                                    (2.5) 

2.11.3 Gain Ratio 

    Information gain ratio can be defined as a ratio of information gain to 

the intrinsic information. Beside that, Gain ratio is an adjustment of 

information gain that decreases its bias when the number of branching 

features is high. Gain ratio takes in consideration the size and the number 

of branches to pick a feature [34]. 

The encoding information that would be gained by branching on A is [32] 

                      Gain (A) = I(S) – E(A)                                            (2.6) 
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    C4.5 uses gain ratio which applies normalization to information gain 

using a value defined as [32] 

                 SplitInfoA (S) = − ∑ (|Si |/|S |)
v
i=1 log2 (|Si |/|S |)             (2.7)  

    The above value represents the information generated by splitting the 

training data set S into v partitions corresponding to v outcomes of a test 

on the attribute A. The gain ratio is defined as [32] 

                 Gain Ratio(A) = Gain (A)/  SplitInfoA (S)                        (2.8) 

    The attribute with the highest gain ratio is selected as the splitting 

attribute. The non-leaf node of the decision tree generated are considered 

as relevant attributes [32].  

2.12 Parameters of Decision Tree Algorithm 

The parameters to be used for building the Decision Tree Classifier in this 

work are [35]: 

 Criterion: The function to measure the quality of a split. Supported 

criteria are “gini” for the Gini impurity and “entropy” for the 

information gain. 

 Splitter: The strategy used to choose the split at each node. 

Supported strategies are “best” to choose the best split and 

“random” to choose the best random split. 

 max_depth: The maximum depth of the tree. If None, then nodes 

are expanded until all leaves are pure or until all leaves contain less 

than min_samples_split samples. 

 min_samples_split: The minimum number of samples required to 

split an internal node. 

 min_samples_leaf: The minimum number of samples required to 

be at a leaf node. 

 

2.13 Random Forest (RF) 
    Random forest is one of the most recent successful research findings 

for decision tree learning. It is widely used in the medical field [36].  

Random forests is a supervised machine learning algorithm that supports 

both classification and regression tasks. It mainly deals with the 

construction of multiple decision trees. It follows a basic approach where 

a dataset is divided into a batch of random datasets such that a decision 

tree is built for each random datasets. Thus, ‘‘The forest is an ensemble 

of decision trees that are trained and all of them come up with a decision 
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such that a majority vote is considered which results in a final single 

decision.’’ It can operate on large data set and maintains the accuracy for 

missing data [37]. 

2.14 Random Forest for Classification 

    Random Forest has some advantages, one of them is unexcelled in 

accuracy, can handle missing value in data and estimates the variables are 

important in the classification. Random forest is a method that aims to 

predict the response of an observation by combine the prediction results 

from several decision trees. In classification problems, the prediction 

result of random forest based on majority votes, that is the class often 

arises as a result of prediction from the several trees. In RF, each node of 

decision tree is selected randomly from the subset of variables and use 

those variables as candidates to find the best split for the node. The 

random forest algorithm is constructed by several decision trees, in which 

each tree is grown using a bootstrap sample of the data. After several 

decision trees were built, the data not in the bootstrap sample can be used 

as test set for that decision tree. Moreover, the result of majority voting 

can be predicted from several decision trees [38]. 

 

Figure 2.4: The General Illustration of Random Forest [38] 

    In order to produce a robust learner, ensemble learners employ 

randomness. For Random Forest, this randomness is implemented by 

creating new datasets using sampling with replacement (bagging) of 

instances to build the decision trees. The bagging process is repeated for 

each tree created by the learner. The trees themselves are built by taking 

the bootstrap samples and using an algorithm similar to C4.5. There are 
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two main differences between the C4.5 algorithm and the algorithm 

employed by Random Forest. The first is that at each node the number of 

possible features to place at that node is restricted to a randomly selected 

subset of the features, the size of which is determined by the numFeatures 

attribute. The other is that, unlike C4.5, the trees in Random Forest are 

always unpruned. The number of trees used is determined by the 

numTrees attribute. After the trees are created the learner begins testing 

the instances. Each instance is passed through each tree and the predicted 

class is chosen. The class that is chosen by the most trees becomes the 

chosen class of the instance [39]. 

    When inferring a tree model, The m features are randomly selected out 

of M features in the dataset, m = √M in this work, where M is the total 

number of features in the dataset [40]. 

    Random forest is a classifier consisting of classification tree {T(u, vi), 

i=1,…..I} where {vi}is a vector with independently and identically 

distributed with each tree vote at the input u. The accuracy from decision 

tree is more stable and accurate. However, the random forest performs 

better accuracy which makes the correlation of tree significant. By 

forming a lot of tree into random forest the risk of getting over fitting is 

reduced, with the error and converge into some value generalized. Given 

ensemble classifier T1(x), T2(x),…., TI(x), with random training data 

obtained from vector X and Y, the function of the margin is written as 

[41]: 

          mg(X,Y) = avb P( TI(X) = Y) - maxj≠𝑌 avb ( TI(X) = j)        (2.9) 

    Where P is the indicator function and avb the average , with Ti(X) = Y 

the result of classification, where Y is the class prediction and  Ti(X) = j 

is the result of classification with j. Margin is used to determine the 

average value of votes X, Y. A greater margin value means a more 

accurate classification [41]. 

2.15 Parameters of Random Forest Algorithm 

    The parameters to be used for building the Random Forest Classifier in 

this work are [35]: 

 n_estimators: The number of trees in the forest. 

 Criterion: The function to measure the quality of a split. Supported 

criteria are “gini” for the Gini impurity and “entropy” for the 

information gain. 
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 max_depth: The maximum depth of the tree. 

 min_samples_split: The minimum number of samples required to 

split an internal node. 

 min_samples_leaf: The minimum number of samples required to 

be at a leaf node. 

 The number of features to consider when looking for the best split: 

• If “auto”, then max_features=sqrt(n_features). 

• If “sqrt”, then max_features=sqrt(n_features) (same as 

“auto”). 

• If “log2”, then max_features=log2(n_features). 

• If None, then max_features=n_features. 

2.16 Artificial Neural Networks (ANN) 

    ANN is one of the essential mechanisms used in machine learning. Due 

to their excellent capability of self-learning and self-adapting, they have 

been extensively studied and have been successfully utilized to tackle 

difficult real-world problems. Compared to the other approaches, 

Artificial Neural Networks (ANN), which is one of the most effective 

computation methods applied in data mining and machine learning, seems 

to be one of the best and most popular approaches. The word “Neural” 

(called as neuron or node) included in the name Artificial Neural 

Network, indicates that the learning structure of human brain was taken 

as the basis of learning within the system. For a programmer, ANN is the 

perfect tool to discover the patterns that are very complex and numerous. 

The main strength of ANN lies on predicting multi-directional and non-

linear relationships between input and output data. ANN, which can be 

used as part of many disciplines, is frequently used in classification, 

prediction and finding solutions to learning problems that involve the 

minimization of the disadvantages of traditional methods. Non-linear 

problems can also be solved through ANN, besides linear problems [42]. 

    Fundamentally, there are three different layers in an artificial neural 

network; namely input layer, hidden layers and output layer. Input layer 

communicate with the outer environment that contributes neural network 

to have a pattern. Input layer deals only with the inputs. Input layer 

should represent the condition where the neural network would be 

trained. Each input neuron should represent some independent variables 

that have an effect on the output of the neural network. Hidden layer is 
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the layers on which the neurons executing activation function are 

gathered, they are located between input layer and output layer. Hidden 

layer is formed by many layers. The task of the hidden layer is processing 

the input obtained from the previous layer. Therefore, hidden layer is the 

layer that is responsible for deriving requested outcomes using input data. 

The output layer of an ANN collects and transmits the data considering 

the design to which the data will be transferred. The design represented 

by the output layer can be directly tracked up to the input layer. The 

number of neurons in an output layer should be directly associates to the 

performance of the neural network [42]. 

Main operating principle of an artificial neural network is below [42]:  

1) Input neurons should represent an input based on the information that 

we attempt to classify. 

 2) A weight is given to each number in the input neurons for each 

connection.  

3) In each neuron located at the next layer, the outputs of the connections 

coming to this layer are triggered and added and an activation function is 

applied to the weighted sum.  

4) The output of the function is taken as the input of the next connection 

layer and this process continues until the output layer is reached.  

2.17 Types of Activation Function 

    Every neuron has three main parameters: the input data, output data 

and activation function. The input layer neurons take in information, in 

the formula which can be numerically expressed. The following layers 

receive data from former layers. The activation function converts the 

input data to the output. In some literature activation function called non-

linearity since normally in networks it must be non-linear. Most popular 

active functions are sigmoid, hyperbolic tangent, rectified linear unit and 

softmax active function as illustrate of in figure (2.4) [43]. 
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Figure 2.5: The Most Famous Used Activation Functions [43]. 

 Sigmoid function: Sigmoid returns real numbers in range [0, 1], large 

negative numbers become 0 and large positive numbers become 1. The 

smoothness, continuity of function - important positive qualities. The 

continuity of the first derivative allows training a network with gradient 

methods. Sigmoid function is a nice interpretation of a real neuron 

behavior, but in practice currently it used only in output layer. Equation 

(2.10) illustrates sigmoid function [43]. 

                                 f(x) = 
1

1+e−y
                                                        (2.10) 

with deviate:              fˊ(y)= f(y)(1-f(y))                                             (2.11) 

 Hyperbolic tangent: The hyperbolic tangent is zero-centered, scaled 

sigmoidal function, that returns real numbers in range [-1, 1] and can be a 

good alternative activation function when compared to a sigmoid. A tanh 

function will reason the derivatives to be much higher because of its 

range [- 1, 1] compared to a Sigmoid [0, 1]. The derivative is also 

continuous and expressed in terms of the function itself. Use this function 

only with positive values is inappropriate since it significantly impairs the 

results of neural network [43]. 

                     Tanh(y) = 2 f(2y)-1= 
1

1+e−2y
 – 1= 

ey−e−y

ey+e−y
                      (2.12) 

with deviate:                  tanhˊ(x) = 1-tanh (y)2                                  (2.13) 

 Rectified linear unit (ReLU): Currently Rectified Linear Unit (ReLU) is 

the most common activation function 𝒇(x)= max(𝟎,𝒙), that returns input 

in positive part of the input parameters and zero in negative part of the 

input parameters [43]. 
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                  relu(y)= max(0,y) = {
0 for y < 0
y for y > 0

                                    (2.14) 

with deviate :              reluˊ(y) = {
0 for x < 0
1 for x > 0

                                    (2.15)   

 Softmax function. It can be used to solve multiclass problems (if the 

output of the neural network assumes more than two classes). Softmax 

ensures that all of the output values (p) are between 0 and 1, and that their 

sum is 1. softmax should be used according to equation (2.16) [43]. 

                                           f(v)j = 
evj

∑ evhh
h=1

                                         (2.16) 

2.18 Architecture of Neural Networks 

In a Neural Network, the flow of information occurs in two ways: 

  

2.18.1 Feed Forward Neural Networks 

    Feed Forward Neural Networks (FFNN) is simpler and it was the first 

type of artificial neural network. The connection between neurons do not 

form a cycle or loops. The information travels only in forward direction 

in the networks so it is called as feed forward. The signal flow in one 

direction from the input layers, to the hidden layer and finally to the 

output layer. FFNN is one of the supervised learning method [44]. 

a. Single layer perceptron: The perceptron is the simplest type and it has 

no hidden units, it has only an input node and output node. It has binary 

outputs which as the value of 0 and 1 [44]. 

b. Multi-layer perceptron: The artificial neural network with many 

perceptron’s is called Multi-layer perceptron (MLP). Unlike single layer 

perceptron, it has hidden layers. It consist of an input layer and some 

hidden layers, and an output layer. A fully connected MLP on three 

inputs with one hidden layer, each with three perceptron’s is shown 

below in figure (2.5) [44]. 
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Figure 2.6: fully connected Multi-layer perceptron [44]. 

2.18.2 Back Propagation Neural Networks: 

    Back Propagation (BP) algorithm is the one of the popular ANN’s 

algorithm, and the short form for Back Propagation is “Backward 

Propagation of errors”. It is a type of supervised feed forward neural 

network [44]. In figure (2.6) neural network with three layer is shown. 

 

Figure 2.7: Neural Network with three layers [44]. 

    In the application of the back-propagation algorithm, two different 

passes of computation are distinguished. The first pass is referred to as 

the forward pass, and the second is referred to as the backward pass [43]. 

a. In the forward pass, the weights remain unaltered throughout the 

network, and the function signals of the network are computed on a 

neuron-by-neuron basis. In this pass, each of the input receives the signal 

xi and transmits all these signals to the hidden layer. For Each hidden unit 

(zj , j=1, 2 ….p), sums its weighted input signals as [43] 

                                  vj(n) = woj+∑ wji
m
i=0 (n) yi(n)                           (2.17) 
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    Where m is the total number of inputs (excluding the bias) applied to 

neuron j; wji (n) is the weight connecting neuron i to neuron j, woj is bias 

value ,and yi(n) is an input signal of neuron j. The function signal 

appearing at the output of neuron j is computed by applying the activation 

function as follows [43]: 

                                           yj(n) = fj(vj(n))                                             (2.18) 

    Equivalently, the function signal appearing at the output of neuron i. If 

neuron j is in the first hidden layer of the network, then m = m0 and the 

index i refer to the ith input terminal of the network, which writes as 

follows [43]: 

                                          yi(n) = xi(n)                                                  (2.19) 

    Where xi(n) is the ith element of the input vector (pattern). If, on the 

other hand, neuron j is in the output layer of the network, then m = mL 

and the index j refers to the jth output terminal of the network, for which 

writes [43] 

                                     yj(n) = oj(n)                                                  (2.20) 

    Where oj(n) is the jth element of the output vector of the multilayer 

perceptron. This output is compared with the target output tj(n), obtaining 

the error signal ej (n) for the jth output neuron as shown in equation 

(2.21). Thus, the forward phase of computation begins at the first hidden 

layer by presenting it with the input vector and terminates at the output 

layer by computing the error signal for each neuron of this layer [43]. 

                                      ej (n) = tj(n) - yj(n)                                       (2.21) 

b. backward pass, starts at the output layer by passing the error signals 

leftward through the network, layer by layer, and recursively computing 

the δ (i.e., the local gradient) for each neuron. This recursive process 

permits the synaptic weights and (biases) of the network to undergo 

changes in accordance with the delta rule , defined by [43] 

                                         ∆ ωji= α δj (n)yi (n)                                  (2.22) 

                                           ∆ woj= α δj (n)                                        (2.23) 

    The is simply equal to the error signal of that neuron multiplied by the 

first derivative of its nonlinearity as illustrated in equation (2.24). Hence, 

using equation (2.22) to compute the changes to the weights of all the 

connections feeding into the output layer. Given the s for the neurons of 

the output layer, compute the s for all the neurons in the penultimate layer 

and therefore the changes to the weights of all connections feeding into it 

by using the equation (2.25). The recursive computation is continued, 
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layer by layer, by propagating the changes to all synaptic weights in the 

network [43]. 

                       δj (n) = ej (n)fˊvj (n)                                                   (2.24) 

                    δj (n) = fˊ(vj (n)) ∑ δk (n)k ωkj (n)                                (2.25) 

 

    Update the weights of the network by using equation (2.26) where wk 

the weight vector before updating, AK
−1 the second derivative hessian 

matrix, and g the gradient [45]. 

 

                                   wk+1 = wk - AK
−1 . gwk                                    (2.26) 

    Update the bias of the network in layer l by using equation (2.27) 

where : α learning rate, and η momentum [43]. 

  (Vij
(l)(n + 1) =  wij

(l)(n) + α δj
(l)

 xi+ η[Vij
(l)(n) − Vij

(l)
(n − 1)])      (2.27) 

2.19 Parameters of Artificial Neural Networks Algorithm 

The parameters to be used for building the ANN Classifier in this work 

are [35] : 

 hidden_layer_sizes: The ith element represents the number of 

neurons in the ith hidden layer. 

 activation [{‘identity’, ‘logistic’, ‘tanh’, ‘relu’}] Activation 

function for the hidden layer. 

• ‘identity’, no-op activation, useful to implement linear 

bottleneck, returns f(x) = x  

• ‘logistic’, the logistic sigmoid function, returns f(x) = 1 / (1 + 

exp(-x)). 

• ‘tanh’, the hyperbolic tan function, returns f(x) = tanh(x).  

• ‘relu’, the rectified linear unit function, returns f(x) = max(0, 

x). 

 solver [{‘lbfgs’, ‘sgd’, ‘adam’}] The solver for weight 

optimization. 

     • ‘lbfgs’ is an optimizer in the family of quasi-Newton methods.  

     • ‘sgd’ refers to stochastic gradient descent. 

        • ‘adam’ refers to a stochastic gradient-based optimizer 

proposed by Kingma, Diederik, and Jimmy Ba. 
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 learning_rate_init: [double, default=0.001] The initial learning rate 

used. It controls the step size in updating the weights. 

 max_iter: [int, default=200] Maximum number of iterations. The 

solver iterates until convergence (determined by ‘tol’) or this 

number of iterations. 

 Momentum: [float, default=0.9] Momentum for gradient descent 

update. Should be between 0 and 1. 

 n_iter_no_change: [int, default=10] Maximum number of epochs 

to not meet tol improvement.  

 power_t: [double, default=0.5] The exponent for inverse scaling 

learning rate. 

 validation_fraction: The proportion of training data to set aside as 

validation set for early stopping. Must be between 0 and 1.  

 learning_rate: [{‘constant’, ‘invscaling’, ‘adaptive’}, 

default=’constant’] Learning rate schedule for weight updates. 

• ‘constant’ is a constant learning rate given by 

‘learning_rate_init’. 

• ‘invscaling’ gradually decreases the learning rate at each 

time step ‘t’ using an inverse scaling exponent of ‘power_t’. 

effective_learning_rate = learning_rate_init / pow(t, 

power_t) 

• ‘adaptive’ keeps the learning rate constant to 

‘learning_rate_init’ as long as training loss keeps decreasing. 

Each time two consecutive epochs fail to decrease training 

loss by at least tol, or fail to increase validation score by at 

least tol if ‘early_stopping’ is on, the current learning rate is 

divided by 5. 

2.20 Support Vector Machine (SVM) 

    Support Vector Machine was first found by Vapnik in 1979. It was 

again recommended by Vapnik in 1995 for regression and classification. 

Support vector can be used for pattern classification which has multilayer 

perceptron and radial-basis function networks. The SVM is the advanced 

technology with maximum classification algorithms embedded in 

statistical learning theory. SVM methods are used in classification of 

linear and non-linear data. It transforms the original training data into 

higher dimension using non-linear mapping. Within this new dimension it 

searches for linear optimal separating hyperplane. Data from two classes 

can be separated by hyperplane with an appropriate nonlinear mapping to 
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a sufficiently high dimension. The data points are identified as being 

positive or negative, and the problem is to find a hyperplane that 

separates the data points by a maximal margin [46]. 

2.21 Support Vector Machine for Classification 

    This algorithm can be used for regression type of problems and for 

classification type of problems and their analysis. In order to differ or 

separate two classes of data, several types of hyper planes are available 

such that to choose among the available group of hyper planes. In most of 

the cases, the objective is to identify one plane among the other planes 

that has the margin values are very high. The hyperplanes example for an 

SVM algorithm can be seen at the figure (2.7) [47]. 

 

Figure 2.8: Hyper planes example of an SVM Algorithm [47]. 

    The value is high means it can be taken as that the distance between 

various points in those classes is having the good margin. These 

hyperplanes can also be considered as the boundary decisions to be 

considered and also for identifying and classifying various pints of data in 

various databases. When the program is being run, the data points will 

fall on both sides of the planes, both sides of the planes data points can be 

considered as the data points belongs to two different classes of data [47]. 

2.22 The Kernel Function 

    The kernel function is a mathematical trick that allows the SVM to 

perform a ‘two-dimensional’ classification of a set of originally one-

dimensional data. In general, a kernel function projects data from a low-

dimensional space to a space of higher dimension [48]. 



Chapter Two                                                      Theoretical Background 
 

28 
 

 

Figure 2.9: Kernel function mapping of SVM Algorithm [48]. 

    To move testing samples and training to feature space high-

dimensional feature space, functions kernel is implemented. This section, 

functions kernel is described to replace functions of mapping because the 

kernel computation is most effective than the function of mapping, 

computation period usually saved to exchange functions of mapping with 

the used of kernels [49]. SVM implements the kernel function, K (xn, xi), 

which transforms the raw data space into a higher-dimensional new 

space. It processes involves the dot product transformation function ϕ(x) 

(equation (2.28)). The target is the information that can be feasibly 

extracted, that has been converted into a higher dimension. It is possible 

to write the hyperplane function in formula (2.29) [50]. 

K(xn, xi) = ∅ (xn)∅ (xi)                                                               (2.28)  

f(xi) = ∑ αnyn
N
n=1 K(xn, xi)+b                                                     (2.29)  

Where   is a lagrange multiplie,  is support vector information, and 

𝑦𝑛  is a membership class label (+1, −1) with n = 1, 2, 3, ……., N, [50]. 

The public example of the SVM higher dimensionality kernel that is 

commonly used for the SVMs classification are [48]: 

1. Linear Kernel Function: Linear kernel function is commonly 

described as 

                                K(x, xi) = x . xT                                           (2.30) 

2. Polynomial Kernel Function: The polynomial kernel function is 

directional, i.e. the output depends on the direction of the two vectors 

in lowdimensional space. This is due to the dot product in the kernel. 

The magnitude of the output is also dependent on the magnitude of the 

vector xi 

                                    K(x, xi) = (1 + x. xi
T)d                              (2.31) 

d is degree of kernel function 
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3. Radial Basis Function: Radial basis function is one of the most 

popular kernel functions.  

                                    K(x, xi) = e−y||x−xi||2
                                 (2.32) 

2.23 Types of Support Vector Machine 

 SVM algorithm is divided into two kinds Linear and non-Linear SVM 

that illustrate in the following section:  

2.23.1 Linear SVM  

    If the linear SVM hyperplane, then the supper vector machine is 

defined as linear SVM, e.g. if z represents pairs training (xi, yi) when 

i=1,2...z, with category labels y (1, -1) the direct equation is defining the 

hyperplane [51]:                                                                                       

     W. x + b = 0                                                               (2.33)  

    Where W is a vector of weight, W= {w1, w2, .... wn}, b is a bias, and 

x represent attributes. The data classification is considering as equation 

[51].         f(x. w. b) = sgn(w. x + b)                                                  (2.34) 

    

    Where f(x) is the function of a hyperplane in m dimensions that is get 

as a series of every points x the (x  Rm) that fulfils the equation f (x)= 0 

such that the function hyperplane f(x) functions as a classifier linear 

predicting class y for each presented point x, depended on the subsequent 

rule decision [51]:                                                                                    

wT. x + b ≥ 1 = +1                           (2.35) 

wT. x + b < 0 for y = −1                    (2.36)   

Maximizing the margin is a problem of constrained optimization, which 

can be solved by Lagrange Method. Each training point x_i is described 

by a Lagrange multiplier ᾳ [51]                                                                    

                    

     = 0 →  𝑥𝑖          has no effect on the hyperplane.  

 > 0 →  𝑥𝑖 these points support vectors that are nearest to the 

hyperplane.     
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    Also, can calculate weight and bias when obtaining the αi value, the 

weight calculation using the following formula [51]: 

𝑊 = ∑ 𝛼𝑖𝑥𝑖                                           (2.37) 

    the points with (𝛼𝑖 = 0) consider not support vector, so the summation 

of support vector that its (𝛼𝑖 ) not equal to zero will be taking, where 

support vector with (𝛼𝑖 = 0) does not play any role in determining [51].  

2.23.2 Non-Linear SVM 

    In most cases, the linear classification does not consider the 

appropriate classification approach for the non-linear classification used 

in such situations, where a non-linear kernel function will be used [49]. 

Linear SVM are fast to train and implement, but with many training 

examples and not too many features they appear to underperform on 

complicated datasets. In many applications, non-linear SVM can be more 

consistent for quality across different problems and the preferred choice, 

although they lack critical power [52].                                                       

2.24 Parameters of Support Vector Machine Algorithm 

The parameters to be used for building the SVM Classifier in this work 

are [39] : 

 C : Regularization parameter. The strength of the regularization is 

inversely proportional to C. Must be strictly positive. 

 Kernel: [{‘linear’, ‘poly’, ‘rbf’, ‘sigmoid’, ‘precomputed’}] Specifies 

the kernel type to be used in the algorithm. It must be one of ‘linear’, 

‘poly’, ‘rbf’, ‘sigmoid’, ‘precomputed’ or a callable 

 Gamma: [{‘scale’, ‘auto’},Kernel coefficient for ‘rbf’, ‘poly’ and 

‘sigmoid’. 

• if gamma='scale' (default) is passed then it uses 1 / (n_features * 

X.var()) as value of gamma. 

• if ‘auto’, uses 1 / n_features. 
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 max_iter: Hard limit on iterations within solver, or -1 for no limit. 

 decision_function_shape [{‘ovo’, ‘ovr’}, Whether to return a one-vs-

rest (‘ovr’) decision function of shape (n_samples, n_classes) as all 

other classifiers, or the original one-vs-one (‘ovo’) decision function 

of libsvm which has shape (n_samples, n_classes * (n_classes - 1) / 

2). However, one-vs-one (‘ovo’) is always used as multi-class 

strategy. The parameter is ignored for binary classification. 

2.25 K-Nearest Neighbor Algorithm (K-NN) 

    The k-nearest neighbor (k-NN) method is one of the data mining 

techniques considered to be among the top 10 techniques for data mining.  

It tries to classify an unknown sample based on the known classification 

of its neighbors [53]. K-nearest neighbour can be said as a classification, 

nonparametric algorithm which stores all available cases and its works is 

to classify new cases based on a similarity measure [7]. 

2.26 K-Nearest Neighbor for Classification 

    Let us suppose that a set of samples with known classification is 

available, the so-called training set. Intuitively, each sample should be 

classified similarly to its surrounding samples. Therefore, if the 

classification of a sample is unknown, then it could be predicted by 

considering the classification of its nearest neighbor samples. Given an 

unknown sample and a training set, all the distances between the 

unknown sample and all the samples in the training set can be computed. 

The distance with the smallest value corresponds to the sample in the 

training set closest to the unknown sample. Therefore, the unknown 

sample may be classified based on the classification of this nearest 

neighbor [53]. 

    However, in general, this classification rule can be weak, because it is 

based on one known sample only. It can be accurate if the unknown 

sample is surrounded by several known samples having the same 

classification. Instead, if the surrounding samples have different 

classifications, as for example when the unknown sample is located 

amongst samples belonging to two different classes (and hence with 

different classifications), then the accuracy of the classification may 

decrease. In order to increase the level of accuracy, then, all the 
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surrounding samples should be considered and the unknown sample 

should then be classified accordingly. In general, the classification rule 

based on this idea simply assigns to any unclassified sample the class 

containing most of its k nearest neighbors. This is the reason why this 

data mining technique is referred to as the k-NN (k-nearest neighbors). If 

only one sample in the training set is used for the classification, then the 

1-NN rule is applied. Figure 4.1 shows the k-NN decision rule for k = 1 

and k = 4 for a set of samples divided into 2 classes. In figure (2.10) (a), 

an unknown sample is classified by using only one known sample; in 

Figure (2.10) (b) more than one known sample is used. In the last case, 

the parameter k is set to 4, so that the closest four samples are considered 

for classifying the unknown one. Three of them belong to the same class, 

whereas only one belongs to the other class. In both cases, the unknown 

sample is classified as belonging to the class on the left [53]. 

 

Figure 2.10 (a): The 1-NN decision rule: the point ? is assigned to the 

class on the left; (b) the k-NN decision rule, with k = 4: the point ? is 

assigned to the class on the left as well [53]. 

The distance function plays a crucial role in the success of the 

classification. Another important factor is the choice of the value for the 

parameter k. This is the main parameter of the method, since it represents 

the number of nearest neighbors considered for classifying an unknown 

sample. Usually it is fixed beforehand, but selecting an appropriate value 

for k may not be trivial. If k is too large, classes with a great number of 

classified samples can overwhelm small ones and the results will be 

biased. On the other hand, if k is too small, the advantage of using many 

samples in the training set is not exploited [53]. 
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2.27 Ball-Tree Algorithm 

    A ball-tree is a binary tree where each node represents a set of points, 

called Points (Node). Given a data set, the root node of a ball-tree 

represents the full set of points in the data set. A node can be either a leaf 

node or a non-leaf node. A leaf node explicitly contains a list of the 

points represented by the node. A non-leaf node has two children nodes: 

Node.child1 and Node.child2. Points are organized spatially. Each node 

has a distinguished point called a Pivot. Depending on the 

implementation, the Pivot may be one of the data points, or it may be the 

centroid of Points(Node). Each node records the maximum distance of 

the points it owns to its pivot [54]. 

 

Figure 2.11: An example of ball-tree structure [54]. 

2.28 Distance Function 

    The distance function plays a crucial role in the success of the 

classification, as is the case in many data mining techniques. Indeed, the 

most desirable distance function is the one for which a smaller distance 

among samples implies a greater likelihood for samples to belong to the 

same class. The choice of this function may not be trivial [53]. 

There are many distance function [55]: 

1. Minkowski:          dist(x̅, y̅) = √∑ |xi − yi|
Pp
                          (2.38) 
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2. Manhattan:               dist(x̅, y̅) = ∑ |xi − yi|                         (2.39) 

 

3. Euclidean:             dist(x̅, y̅) = √∑ |xi − yi|
2                       (2.40) 

2.29 Parameters of K-Nearest Neighbor Algorithm 

The parameters to be used for building the K-NN Classifier in this work 

are [35] : 

 Algorithm:  [{‘auto’, ‘ball_tree’, ‘kd_tree’, ‘brute’}] Algorithm 

used to compute the nearest neighbors: 

 Metric:  the distance metric to use for the tree. 

 P: Power parameter for the Minkowski metric. 

 n_neighbors: Number of neighbors to use by default for kneighbors 

queries. 

2.30 Performance Evaluation Criteria 
    the confusion matrix can be used to evaluate performance of the 

method. Confusion matrix show the number of samples that were 

correctly and incorrectly diagnosed from classification model compared 

to the actual results in the data [38]. Table (2.1) show the confusion 

matrix. 

 

Table 2.1: Confusion Matrix [38]. 

 Predicted 

Positive Negative 

Actual Positive TP FN 

Negative FP TN 

 

    Where TP (True Positive) is the number of positive cases that is 

correctly classified as positive, TN (True Negative) is the number of 

negative cases that is correctly classified as negative. FP (False Positive) 

refers to the number of negative cases that is incorrectly classified or 

declared as positive cases, FN (False Negative) refers to the number of 

positive cases that is classified as negative [56]. 
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2.30.1 Accuracy 

    The accuracy is equal to the ratio of total correct predictions (TP + TN 

+ FP + FN) by the classifier to the total data points. Accuracy is an 

important measure which is used to assess the performance of the 

classification model [57]. 

                           Accuracy = 
TP+TN

TP+TN+FP+FN
 *100                              (2.41) 

2.30.2 Precision 

    Precision is equal to the ratio of the True Positive (TP) samples to the 

sum of True Positive (TP) and False Positive (FP) samples. Precision is 

also a key metric to identify the number of correctly classified patients in 

an imbalanced class dataset [57]. 

                             Precision = 
TP

TP+FP
 *100                                       (2.42) 

2.30.3 Recall 

    Recall is equal to the ratio of the True Positive (TP) samples to the sum 

of True Positive (TP) and False Negative (FN) samples. Recall is a 

significant metric to identify the number of correctly classified patients in 

an imbalanced class dataset out of all the patients that could have been 

correctly predicted [57]. 

                             Recall = 
TP

TP+FN
 *100                                       (2.43) 

2.30.4 F1- Score 

    F1 Score is equal to the harmonic mean of Recall and Precision value. 

The F1 Score strikes the perfect balance between Precision and Recall 

thereby providing a correct evaluation of the model’s performance in 

classifying liver patients [57]. 

                              F1-Score = 2* 
 Precision × Recall

 Precision+ Recall
 *100                        (2.43) 
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Chapter Three  

The Proposed model  

3.1 Introduction 

    This chapter will describe the model architecture and the proposed 

algorithms in the various stages of the proposed model with details. 

Moreover, the block diagram, and the proposed algorithms. 

3.2 Architecture of the Proposed model 

    The proposed model has been recognized the liver disorder from 

datasets. The input of the model is an dataset, and the output is liver 

disease classification. The proposed model consists of four main stages:- 

pre-processing (Handle miss values, Label Encoding), splitting of dataset, 

z-score normalization, and classification using (Decision Tree, Random 

Forest, Artificial Neural Networks, Support Vector Machine and K-

Nearest Neighbors algorithm). Figure (3.1) shows the general block 

diagram of the proposed model to recognize the liver diseases from 

selected dataset. 
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Figure 3.1: Block Diagram of the Proposed model 

3.3 Data Pre-processing Stage 

    Data pre-processing is the first step in data mining and it an important 

aspect of data mining and knowledge discovery. It must be pre-processed 

the dataset that are used in research before applying it for any kind of 

classification. These dataset may contain miss value or categorical values. 

classification algorithms require that input and output variables are 

numbers. This means that categorical data must be encoded to numbers 

before we can use it to fit and evaluate a model. Therefore must improve 
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the quality of data before working an analysis. The following sections 

illustrate the data pre-processing done for this thesis. 

3.3.1 Handle Miss Values 

    In many datasets, data values are not recorded for all attributes because 

there are some attributes that are not applicable for some instances this 

cause missing value. These missing values adversely affect classifier 

performance built using dataset as a training sample. In this thesis miss 

values filled with Mean values. 

3.3.2 Label Encoding 

    Data pre-processing technique includes label encoding data which 

focuses on converting the data into machine readable form. Label 

encoding converts the labels into numeric forms. In the data used, Gender 

attribute has labelled data which is converted in to values 1 (Male) and 0 

(Female)  for better analysis. 

3.4 Splitting the dataset 

    Split the dataset into two sets: a training set and a testing set. In this 

thesis split the dataset 80% to train the classifier, and 20% to evaluate 

classification model performance. 

3.5 Data Normalization 

    Data normalization may improve the accuracy and efficiency of mining 

algorithms involving distance measurements such as neural networks, 

nearest neighbour, and Support vector machine that is, scaled to specific 

ranges such as [0.0, 1.0], in this thesis z- score used to normalize data 

accord to algorithm (3.1). 

Algorithm (3.1): Z- Score Normalization  
Input: Dataset  

Output: updated dataset 

Begin 

Step1:Calculate the Mean of each attribute in the dataset except the 

target using (2.1) equation. 

Step2:Calculate the deviations of each data point from the Mean, 

and square the result of each. 

Step3:Calculate the variance. 
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Step4:Calculate the standard deviation which is equal to the square root 

of the variance using (2.2) equation. 

Step5: Apply Z-Score normalization using the equation (2.3). 

End 

 

3.6 Classification using data mining techniques 

For this thesis, five classification algorithms where used. 

3.6.1 Decision tree  

    The most important point in the creation of a decision tree is to 

determine which criteria or attribute values will use for the branching in 

the tree will be performed. There are many approaches that can be used to 

make the right choice at this point. In this work the Gain Ratio where 

used to determine the  root of tree. 

(a) Training Phase 

    This is the phase for training the Decision Tree classifier to do the 

required classification on 80% dataset. As explained in algorithm (3.2) 

which determine the root of the tree based on Gain Ratio. This algorithm 

calculate the Entropy of the target class, Entropy of each attribute in the 

input dataset and Gain Ratio to generate the rules of tree. 

(b) Testing Phase 

    In this phase the classifier will be testing based on generated rules from 

the training phase to evaluate the performance of the classifier using 

testing dataset. 

Algorithm (3.2): Decision Tree Classifier  
Input: Dataset  

Output: classification to liver patient or not 

Begin 

Step1: Training phase, Calculate Entropy for The Classes using 

equation (2.4). 

Step2: Calculate Information Gain for each attribute using equation 

(2.5). 

Step3:Calculate the Gain using equation (2.6). 

Step4: Split the training dataset S to v partitions for each attributes using 

equation (2.7).  
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Step5: Calculate the Gain Ratio for each attribute to determine splitting 

attribute using equation (2.8). 

Step6: Perform the Split. 

Step7: Perform Further Splits. 

1. Step8: Construct the Decision Tree. 

2. Step9: Testing phase, Perform prediction of testing dataset (20%) based 

on Decision Tree from step8. 

3. Step10: Evaluate the Decision Tree Classifier by Accuracy, Precision, 

Recall, and F1-score. 

End 

3.6.2 Random Forest  

    The most important point in the creation of a Random forest is to 

determine the n _estimators hyper parameter, which is just the number of 

trees the algorithm builds before taking the maximum voting or taking the 

averages of predictions. In general, a higher number of trees increases the 

performance and makes the predictions more stable, but it also slows 

down the computation.  

(a) Training Phase 

    This is the phase for training the Random Forest classifier to do the 

required classification on 80% dataset for training. As explained in 

algorithm (3.3). The Random Forest Classifier is trained using bootstrap 

aggregation, where each new tree is fit from a bootstrap sample of the 

training dataset. This mean that random samples selected from the 

training dataset to construct a set of decision tree classifier. 

(b) Testing Phase 

    In this phase the 20% of testing dataset tested each decision tree 

classifier constructed from the training phase to make voting. Then, select 

the prediction result  using the margin function which measures the extent 

to which the average number of votes at X,Y for the right class exceeds 

the average vote for any other class.  

Algorithm (3.3): Random Forest Classifier  
Input: Dataset  

Output: classification to liver patient or not 

Begin 

Step1: Training phase, The m attributes are randomly selected out of M 
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attributes in the dataset, m  selected by √M , where ( M = 10) is the total 

number of attributes in the dataset. 

Step2: Select random samples from a bootstrap dataset. 

Step3: Construct (I decision tree) T1(x), T2(x),…., TL(x) where 

I=number of trees in forest  

Step4: Testing phase, Make a prediction of 20% testing dataset by 

each decision tree constructed from step3. 

1. Step5: Perform a vote for each predicted result. 

1. Step6: Select the prediction result with the most votes using margin 

function equation (2.9) as the final prediction. 

4. Step7: Evaluate the Random Forest Classifier by Accuracy, Precision, 

Recall, and F1-score. 

End 

 

3.6.3 Artificial Neural Networks 

    The Artificial Neural Network algorithm consists of two main phases, 

they are training phase and testing phase. The dataset will be split into 

two parts the first is utilized to train liver data and the second is utilized 

as test instances to test classification model performance. The most 

important point in the creation of the Artificial Neural Network is to 

determine hidden_layer_sizes hybrid parameter which is the number of 

neurons in the hidden layer, activation parameter which is the activation 

function for the hidden layer, and learning_rate parameter which is 

learning rate schedule for weight updates. In general, these parameters 

increases the performance and makes the predictions more stable. In this 

thesis 100 neuron in hidden layer and Relu activation function was used. 

(a) Training Phase 

    The ANN training process depends on stander back propagation 

algorithm. It is more important part in the model. The training start with 

forward propagation is a part of back propagation where value each the 

neuron in first hidden layer resulting of a sum of all its inputs multiplied 

by the corresponding weight then result is summing with bias value. The 

forward propagation is terminated with calculate all neurons in output 

layer. begin back propagation when actual output not satisfy the target 

output, where the errors are calculated into output layer to adjust weights 

of every level according to the error quasi-Newton, and propagation back 
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these errors to hidden layer and input layer. Terminate this process when 

the output errors are reduced to acceptable errors. The output of this 

phase is the weight which is used in the testing phase. Algorithm (3.4) 

explains steps of ANN classifier. 

(b)Testing Phase 

    In order to evaluate the quality of the proposed model training, where 

20% of data is used for testing, this stage is important since it classifies 

each unlabelled instance. In this stage, the classifier uses the same 

procedure which used in training stage (only forward- propagation). The 

matrix of observations represents the set of instances where each column 

relates an attribute. Therefore, instance should have the same number of 

attributes as the training data. 

Algorithm (3.4): Artificial Neural Network Classifier  
Input: Dataset  

Output: Classification to liver patient or not 

Begin 

Step1: Training phase, Select initialize weights //set to small random 

values not zeros. 

Step2: Forward- propagation:- each input unit (xi ,i=1,…,n) receives 

input signal xi and broadcasts in to all units in the hidden layer (the 

hidden neurons). 

Step(2.1): Calculation the value of hidden units (zj , j=1,...,n) by using 

equation (2.17) then applies active function(Relu) by the equation (2.14) 

for finding output signal. 

Step3: Back-propagation of error:- each output unit ) yk, k=1,…,n) 

receives a desired class corresponding to the input training class , and 

computes its error by apply equation (2.21). 

2. Step (3.1): Calculation the gradient j(n) for neuron j is an output node by 

using equation (2.24) and for neuron j is a hidden node by using 

equation (2.25). 

2. Step (3.2): Computing the delta rule ∆wji(n) that corrects the weight 

connecting neuron i to neuron j by apply equation (2.22). 

3. Step (3.3): Computing bias correction term used to update bkj by using 

equation (2.23). 

4. Step (3.4): update the weights of the network by using equation (2.26). 

5. Step (3.5): update the bias of the network by using equation (2.27). 

6. Step4: Increase iteration and repeat the process until become the weight 
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is stabled. 

7. Step5: Testing phase, Repeat the forward propagation steps on the 

remaining data from the dataset (20%) using the weights results from the 

training phase. 

5. Step6: Evaluate Artificial Neural Network Classifier by Accuracy, 

Precision, Recall, and F1-score.  

End 

 

3.6.4 Support Vector Machine  

    The most important point in the creation of a Support Vector Machine 

Classifier is to determine the kernel function . SVM is basically a linear 

classifier that classify linearly separable data, but in general , the feature 

vectors might not be linearly separable. To overcome this issue, kernel 

trick is used. The original input space is mapped into a high-dimensional 

feature space using kernel functions where it becomes linearly separable. 

The performance of an SVM classifier is dependent on the choice of a 

proper kernel function. In this thesis Radial Basis Function kernel (RBF) 

was used. 

(a)Training Phase 

    This is the phase for training the Support Vector Machine classifier to 

do the required classification on input dataset. As explained in algorithm 

(3.5). The Support Vector Machine Classifier is trained using Radial 

Basis Function kernel (RBF), The RBF kernel for two points X₁ and X₂ 

computes the similarity or how close they are to each other. 

(b) Testing Phase 

    In order to evaluate the quality of the proposed model training, where 

20% of data is used for testing, this stage is important since it classifies 

each unlabelled instance. In this phase the testing dataset was tested based 

on hyperplane equation to classification into liver patient or not. 

Algorithm (3.5): Support Vector Machine Classifier  
Input: Dataset  

Output: classification to liver patient or not 

Begin 

Step1: Training phase, Define each point in the training dataset to 
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every class belong. 

3. Step2: Apply RBF kernel function to determine optimal or separating 

hyperplane using equation (2.32). 

Step3: Applied to map the training set to kernel space by hyperplane 

computation, its calculation using equation (2.29) 

Step4: Find maximum distance of a point to the hyperplane (margin) 

between two classes.   

Step5: Testing Phase, test the testing dataset (%20) based on hyper 

plane equation. 

6. Step6: Evaluate the Support Vector Machine Classifier by Accuracy, 

Precision, Recall, and F1-score. 

End 

 

3.6.5 K-Nearest Neighbor 

    K-Nearest Neighbor is an algorithm that the basis of classification in it 

is based on similarity with other items. The items which are similar to 

each other are called neighbors. Once a new item is found, its distance 

from other items in the model is calculated. The most important point in 

the creation of a KNN Classifier is to determine the number neighbors 

used in algorithm, Algorithm used to compute the nearest neighbors and 

the distance metric to use for the tree. In this thesis BallTree algorithm 

was used to compute the nearest neighbors, in addition Minkowski metric 

to distance metric to use for the tree and determine the number neighbors 

used in algorithm with 4. 

(a)Training Phase 

    KNN can be said as a classification, non-parametric algorithm which 

stores all available cases and its works is to classify new cases based on a 

similarity measure. It is non-parametric as it’s doesn’t make any 

assumption on the underlying data distribution. 

(b)Testing Phase 

    KNN uses Minkowski distance to predict the class. It works like this, 

each sample of 20% of testing dataset tested based on four neighbors and 

select the smaller distance of them using BallTree algorithm and 

Minkowski distance equation (2.38) that compute the distance among 

samples. 
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Algorithm (3.6): K-Nearest Neighbor Classifier  
Input: Dataset  

Output: classification to liver patient or not 

Begin 

Step1: Training phase, store the training dataset in memory 

Step2: Testing phase, determine the number neighbors used in 

algorithm (K=4). 

Step3: Apply Minkowski distance equation (2.38) to find distance 

among samples. 

Step4: Apply the BallTree algorithm used to compute the nearest 

neighbors. 

Step5: Test each sample of 20% testing dataset to find smaller distance 

based on step2, step3, and step4. 

7. Step6: Evaluate the K-Nearest Neighbor Classifier by Accuracy, 

Precision, Recall, and F1-score. 

End 
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Chapter Four 

Experimental Results and Evaluation 

4.1 Introduction 

    This chapter presents the obtained results from applying the proposed 

model and the effect of each algorithm on the model. The next sections 

discuss the experimental results which obtained from the pre-processing 

and classifier, which contain training and testing stages. Finally, this 

chapter includes the comparison of the proposed work with other existing 

works. The Spyder (Python 2.7) 2019 is used as programming language 

for implementation of the proposed system. In addition to Jupyter 

Notebook (Python 3.8) 2020 for display rules and trees of two algorithms 

(DT and RF). 

4.2 Data Sets 

4.2.1 Iraqi Liver Patient Dataset 

    The Iraqi liver patient dataset, collected it from Baqubah Teaching 

Hospital for classification. This dataset consist people who are have a 

liver function test for the period between August 31, 2019 and February 

1, 2020. The dataset consist of 534 instances based on 10 different 

biological parameters. The Status value is the last column was diagnosed 

based on previous parameters as either Liver patient (1) or not liver 

patient (2). The number of people have liver patient (383 cases) and not 

liver patient (151 cases) shown in figure (4.1). Figure (4.2) shown the 

number of liver patient that are male is 269 and the number of liver 

patient that are female is 265. This dataset consist one categorical 

attribute (column) which is the Gender and the all the other columns is 

numerical. This dataset does not contain any miss value. Table (4.1) 

provides the attributes information. Table (4.2) shows samples of the 

original Iraqi liver patient data. 

Table 4.1: Attributes of Iraqi liver patient dataset 

S. no. Attribute Value type Normal value range 

0 Age Integer 20 – 65 

1 Gender Text Male / Female 

2 Total_Bilirubin Float 0 – 21 
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3 Direct_Bilirubin Float 0 – 5 

4 Alkaline_Phosphotase Float 40 – 129 

5 Alamine_Aminotransferase Float 10 – 50 

6 Aspartate_Aminotransferase Float 0 – 40 

7 Total_Protiens Float 68 – 86 

8 Albumin Float 35 – 52 

9 Albumin_and_Globulin_Ratio Float 0.3 – 2.8 

10 Statue value Integer 1 – 2 

 

 

Figure 4.1: The ratio of liver function test results for Iraqi liver patient 

dataset (1 for liver patient and 2 for not) 

 

Figure 4.2: The ratio of Gender of liver patients for Iraqi liver patient 

dataset. 
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Table 4.2: Some samples of original Iraqi liver patient data 

 

 

 

4.2.2 Indian Liver Patient Dataset (ILPD)  

    In this experiment, we downloaded a dataset from the UCI Machine 

Learning Repository. This dataset was collected from the northeast of 

Andhra Pradesh in 2012, India [58].The dataset consist of 583 records 

based on 10 different biological parameters. The Status value is the last 

column was diagnosed based on previous parameters as either Liver 
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patient (1) or not liver patient (2). It contains 416 liver patient records and 

167 non liver patient records shown in figure (4.3). Figure (4.4) shown 

the number of liver patient that are male is 441 and the number of liver 

patient that are female is 142. This dataset consist one categorical 

attribute (column) which is the Gender and the all the other columns is 

numerical. This dataset contain miss value will be filled in the pre-

processing stage. Table (4.3) provides the attribute information .Table 

(4.4) shows samples of the original Indian Liver Patient Dataset (ILPD). 

Table 4.3: Attributes of Indian Liver Patient Dataset (ILPD) 

S. no. Attribute Value type Normal value range 

0 Age Integer 4 - 90 

1 Gender Text Male / Female 

2 Total_Bilirubin Float 0.4 – 75 

3 Direct_Bilirubin Float 0.1 – 19.7 

4 Alkaline_Phosphotase Integer 63 – 2110 

5 Alamine_Aminotransferase Integer 10 – 2000 

6 Aspartate_Aminotransferase Integer 10 – 4929 

7 Total_Protiens Float 2.7 – 9.6 

8 Albumin Float 0.9 – 5.5 

9 Albumin_and_Globulin_Ratio Float 0.3 – 2.8 

10 Statue value Integer 1 - 2 

 

 

Figure 4.3: The ratio of liver function test results for ILPD (1 for liver 

patient and 2 for not) 
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Figure 4.4: The ratio of Gender of liver patients for ILPD. 

 

Table 4.4: Some samples of original Indian Liver Patient Dataset (ILPD) 
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4.3 Proposed Model Implementation 

    The proposed model has many stages executed sequentially, started by 

data pre-processing and ended with giving the class name as described in 

the following sections. 

4.3.1 Data Pre-Processing Results 

    The process of applying the classification disease liver model in a 

correctly and integrated is need to process the data before applying any 

proposed algorithm. The results of any phase will be the input to the next 

phase, so the data must be equipped with keeping the same specifications, 

in this phase label encoding was performed for Iraqi Liver Patient dataset, 

while handle miss value and label encoding was performed for the Indian 

Liver Patient Dataset. These processes will be explained as the following: 

(a) Handle missing values 

    The (ILPD) used in this model consist of 10 attributes, one of these 

attributes have missing data. In this thesis, the way use for handling these 

data is replacing each missing value by Mean value of that attribute using 

mean( ) function that performs equation (2.1). The figure (4.5) (a) shows 

attribute contain on 4 missing values in Albumin_and_Glolulin_Ratio 

using is null( ).sum( ) function that is check if miss values are found or 

not. The figure (4.5) (b) show attributes after using mean( ) function. 
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Figure 4.5 (a): Attributes contain on missing value in 

Albumin_and_Glolulin_Ratio. 

 

 Figure 4.5 (b): Attributes after using mean( ) function. 

 (b) Label Encoding  

    The second attribute (Gender) contains two label (Male, Female). 

These labels will be convert to numerical value (1 for Male, 0 for Female) 

for better analysis when algorithms DT, RF, ANN, SVM, and KNN are 

used because these algorithms cannot support categorical values. In this 

work we use map( ) function to convert label to numerical value. Table 

(4.5) (a) shows samples of the original Iraqi liver patient data before 

convert labels. Table (4.5) (b) show Iraqi liver patient data after convert 

labels. Table (4.6) (a) shows samples of the original Indian liver patient 

data before convert labels. Table (4.6) (b) show Indian liver patient data 

after convert labels. 
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Table 4.5 (a): Samples of the original Iraqi liver patient data before 

convert labels 

 

 

Table 4.5 (b): Iraqi liver patient data after convert labels. 

 

 

Table 4.6 (a): Samples of the original Indian Liver Patient Dataset before 

convert labels 

 

 

Table 4.6 (b): Indian Liver Patient Dataset after convert labels. 
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4.3.2 Splitting the Dataset 

    Split the dataset 80% to train the classifier, and 20% to test 

classification model performance. Table (4.7) shows the result of splitting 

for two dataset.  

Table 4.7: The result of splitting for two dataset. 

S.no iraqi liver patient dataset Indian liver patient 

dataset 

Total samples 534 583 

Training phase 427 466 

Testing phase 107 117 

 

4.3.3 Data Normalization 

    This section explains the results of the proposed technique that based 

on the z-score normalization technique to improve the accuracy and 

efficiency of mining algorithms involving distance measurements such as 

ANN, SVM and KNN.   

    After load liver data to model and perform pre-processing stage and 

split of data, mean and stander deviation are calculated for each attribute 

in dataset using equations (2.1, 2.2). The results are illustrated in table 

(4.8) in addition this table describe the Iraqi liver patient dataset. 

Table 4.8: Description of an Iraqi liver patient dataset. 

Attributes Count 

 

Mean 

 

Standard 

Deviation 

Min 

value 

Max 

value 

Age   534 

 

39.529963 

 

12.592101 

 

20 65 

Gender 

 

534 

 

0.503745 

 

0.500455 

 

0 1 

Total_Bilirubin 

 

534 

 

9.408633 

 

14.245480 

 

0.73 

 

272.34 

 

Direct_Bilirubin 

 

534 

 

4.368876 

 

11.708462 

 

0.11 

 

237.73 

 

Alkaline_Phosphotase 

 

534 

 

98.140918 

 

51.532334 

 

21.66 

 

569.19 

 

Alamine_Aminotransferase 

 

534 

 

26.458221 

 

80.907593 

 

1.44 

 

1744.9 

 

Aspartate_Aminotransferase 

 

534 

 

25.987828 

 

108.222301 

 

0.2 

 

2487.7 

 

Total_Protiens  

 

534 

 

68.401067 

 

5.942138 

 

41.3 

 

113.68 

 

Albumin 

 

534 

 

43.412004 

 

4.909406 

 

18.66 

 

59.12 
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Albumin_and_Globulin_Ratio 

 

534 

 

1.813109 

 

0.477981 

 

0.696113 

 

5.096552 

 

 

    Then calculate z-score normalization using equation (2.3). Figure (4.6) 

shows Samples of the results of Z- Score for Iraqi liver patient data after 

apply StandarScaler tool in python that perform equation (2.3) to 

normalize each item of 10 attributes.  

 

Figure 4.6: Results of Z- Score normalization for Iraqi liver patient data 

after apply StandarScaler tool. 

 

Table 4.9: Description of an Indian Liver Patient Dataset. 

Attributes Count 

 

Mean 

 

Standard 

Deviation 

Min 

value 

Max 

value 

Age   

 

583 

 

44.746141 

 

16.189833 

 

4 90 

Gender 

 

583 

 

0.756432 

 

0.429603 

 

0 1 

Total_Bilirubin 

 

583 

 

3.298799 

 

6.209522 

 

0.4 75 

Direct_Bilirubin 

 

583 

 

1.486106 

 

2.808498 

 

0.1 19.7 

Alkaline_Phosphotase 

 

583 

 

290.576329 

 

242.937989 

 

63 2110 

Alamine_Aminotransferase 

 

583 

 

80.713551 

 

182.620356 

 

10 2000 

Aspartate_Aminotransferase 

 

583 

 

109.910806 

 

288.918529 

 

10 4929 

Total_Protiens  

 

583 

 

6.483190 

 

1.085451 

 

2.7 9.6 

Albumin 

 

583 

 

3.141852 

 

0.795519 

 

0.9 5.5 

Albumin_and_Globulin_Ratio 

 

579 

 

0.947064 

 

0.319592 

 

0.3 2.8 
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Figure 4.7: Results of Z- Score normalization for Indian liver patient data 

after apply StandarScaler tool. 

4.3.4 Classification Model Results 

    This phase will display the results obtained from the implementation of 

the proposed model. It includes the results of the classification of five 

classifiers.  

4.3.4.1 The First Classifier Results  

    It includes the results of the two phases (training and testing) of the 

classification for the liver disease using DT algorithm. 

 (a) Training Phase 

    In this phase, 80% from liver dataset are used for training. The 

classification require calculate statistical measurement (Entropy) from 

each attribute in dataset of each class for some instances that been used 

for training. These measurements are stored as parameters in testing 

phase. The parameters that are used in build of Decision Tree shown in 

the table (4.10) and figure (4.8) shows the Rules of decision tree. The 

figure (4.9) show the diagram of decision tree.  

Table 4.10: The parameters that are used in build of Decision Tree for 

Iraqi liver patient dataset 

Parameters Values 

Criterion entropy 

max_depth 12 

min_samples_leaf 5 
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min_samples_split 2 

Splitter best 

 

    The figure (4.8), it is clear that the highest Gain Ratio obtained in the 

training phase is feature 7 (Total Protiens), where this feature is divided 

into two values, the value that is highest  than -0. 08 and to the value that 

is less than -0.08, then the tree is divided according to the highest Gain 

Ratio after feature number 7 (Total Protiens) until the end. 

|--- feature_7 <= -0.08 

|   |--- class: 1 

|--- feature_7 >  -0.08 

|   |--- feature_5 <= -0.19 

|   |   |--- class: 1 

|   |--- feature_5 >  -0.19 

|   |   |--- feature_3 <= 0.15 

|   |   |   |--- feature_4 <= 0.59 

|   |   |   |   |--- feature_5 <= 0.24 

|   |   |   |   |   |--- feature_8 <= 1.65 

|   |   |   |   |   |   |--- feature_9 <= -1.17 

|   |   |   |   |   |   |   |--- feature_5 <= -0.15 

|   |   |   |   |   |   |   |   |--- class: 2 

|   |   |   |   |   |   |   |--- feature_5 >  -0.15 

|   |   |   |   |   |   |   |   |--- class: 1 

|   |   |   |   |   |   |--- feature_9 >  -1.17 

|   |   |   |   |   |   |   |--- feature_4 <= -0.90 

|   |   |   |   |   |   |   |   |--- class: 2 

|   |   |   |   |   |   |   |--- feature_4 >  -0.90 

|   |   |   |   |   |   |   |   |--- feature_8 <= -0.00 

|   |   |   |   |   |   |   |   |   |--- feature_5 <= -0.07 

|   |   |   |   |   |   |   |   |   |   |--- class: 2 

|   |   |   |   |   |   |   |   |   |--- feature_5 >  -0.07 

|   |   |   |   |   |   |   |   |   |   |--- class: 2 

|   |   |   |   |   |   |   |   |--- feature_8 >  -0.00 

|   |   |   |   |   |   |   |   |   |--- class: 2 

|   |   |   |   |   |--- feature_8 >  1.65 

|   |   |   |   |   |   |--- class: 1 

|   |   |   |   |--- feature_5 >  0.24 

|   |   |   |   |   |--- class: 1 

|   |   |   |--- feature_4 >  0.59 

|   |   |   |   |--- class: 1 

|   |   |--- feature_3 >  0.15 

|   |   |   |--- class: 1 

 

Figure 4.8: The rules of Decision Tree for Iraqi liver patient dataset. 

    The figure (4.9) shows the decision tree diagram that was obtained as 

the result of the training phase, where the highest Gain Ratio obtained is 

(Total Protiens), which represents the root of the tree, and the value 

represents the values belonging to Class 1 and the values belonging to 
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Class 2. An entropy score greater than zero implies that samples 

contained within that node belong to different classes. An entropy score 

of zero means that the node is pure.  

Figure 4.9: The diagram of Decision Tree for Iraqi liver patient dataset. 

 (b) Testing Phase 

    The %20 of testing samples tested based on Decision Tree that are 

generated in training phase as shown in figure (4.10). The first question 

the decision tree ask is if the Total Proteins is less than -0.08 or not. 
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Based on the result, it either follows the right or the left path, and 

continue to search until reach the target class.  

 

Figure 4.10: Result of testing phase  

    For Indian liver patient dataset was used the same parameters except 

max_depth = 4 

    The figure (4.11), it is clear that the highest Gain Ratio obtained in the 

training phase is feature 3 (Direct Bilirubin). 

|--- feature_3 <= -0.08 

|   |--- feature_5 <= -0.07 

|   |   |--- feature_4 <= 0.99 

|   |   |   |--- feature_0 <= 1.32 

|   |   |   |   |--- class: 1 

|   |   |   |--- feature_0 >  1.32 

|   |   |   |   |--- class: 1 

|   |   |--- feature_4 >  0.99 

|   |   |   |--- class: 1 

|   |--- feature_5 >  -0.07 

|   |   |--- feature_0 <= -0.28 

|   |   |   |--- feature_6 <= -0.04 

|   |   |   |   |--- class: 1 

|   |   |   |--- feature_6 >  -0.04 

|   |   |   |   |--- class: 1 

|   |   |--- feature_0 >  -0.28 

|   |   |   |--- class: 1 

|--- feature_3 >  -0.08 

|   |--- feature_4 <= -0.45 

|   |   |--- feature_9 <= 0.00 

|   |   |   |--- class: 1 

|   |   |--- feature_9 >  0.00 

|   |   |   |--- class: 1 

|   |--- feature_4 >  -0.45 

|   |   |--- feature_4 <= 1.49 

|   |   |   |--- class: 1 

|   |   |--- feature_4 >  1.49 

|   |   |   |--- feature_0 <= 0.52 

|   |   |   |   |--- class: 1 

|   |   |   |--- feature_0 >  0.52 

|   |   |   |   |--- class: 1 

Figure 4.11: The rules of Decision Tree for (ILPD) 
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Figure 4.12: The diagram of Decision Tree for (ILPD) 

    The %20 of testing samples tested based on Decision Tree that are 

generated in training phase as shown in figure (4.12). The figure (4.13) 

shows the result test samples of testing phase based on Decision tree 

algorithm that obtained from training phase. 
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Figure 4.13: Result of testing phase for (ILPD) 

4.3.4.2 Evaluation of the First Classifier 

    To calculate the evaluation criteria (accuracy, precision, recall, and f1-

score) of the proposed model for two dataset we use the equations, that 

mention in chapter two and numbered with (2.41), (2.42), (2.43), 

and(2.44).   

 

Figure 4.14: The values Confusion Matrix of DT algorithm for Iraqi liver 

patient dataset 

 

    Figure 4.15: The values Confusion Matrix of DT algorithm for Indian 

Liver Patient Dataset 
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    Figure 4.16: The evaluation criteria of the first classifier for two liver 

dataset  

4.3.4.3 The Second Classifier Results  

    It includes the results of the two phases (training and testing) of the 

classification for the liver disease using RF algorithm. 

(a) Training Phase 

    In this phase, 80% from liver dataset are used for training. The 

classification require calculate statistical measurement (Entropy) from 

each attribute in dataset of each class for a number of instances that been 

used for training. Then 90 decision tree have been constructed. The table 

(4.11) shows the important parameters that are used to build the Random 

Forest. Some of these trees shows in figures (4.17), and (4.19) as rules. 

Then plot of this trees shows in figures (4.18), and (4.20).  

Table 4.11: parameters that are used in build of Random Forest for Iraqi 

liver patient dataset 

Parameters Values 

criterion 

 

Entropy 

n_estimators 90 

max_depth 12 

max_features Auto 

min_samples_leaf 1 

min_samples_split 2 

 

99.06 100 98.68 99.33 

80.34 80.34 

100 
89.09 

Accuracy Precision Recall F1-score

0
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    The figure (4.17) show the Rules of the first tree in random forest (tree 

0), each node of decision tree is selected randomly from the subset of 

variables and use those variables as candidates to find the best split for 

the node. 

|--- feature_3 <= 0.06 

|   |--- feature_6 <= -0.14 

|   |   |--- class: 0.0 

|   |--- feature_6 >  -0.14 

|   |   |--- feature_7 <= -0.05 

|   |   |   |--- class: 0.0 

|   |   |--- feature_7 >  -0.05 

|   |   |   |--- feature_2 <= 0.04 

|   |   |   |   |--- feature_9 <= -1.25 

|   |   |   |   |   |--- feature_4 <= 0.09 

|   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |--- feature_4 >  0.09 

|   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |--- feature_9 >  -1.25 

|   |   |   |   |   |--- feature_3 <= -0.00 

|   |   |   |   |   |   |--- feature_4 <= 0.60 

|   |   |   |   |   |   |   |--- feature_8 <= -0.26 

|   |   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |   |--- feature_8 >  -0.26 

|   |   |   |   |   |   |   |   |--- feature_6 <= 0.06 

|   |   |   |   |   |   |   |   |   |--- feature_8 <= 0.30 

|   |   |   |   |   |   |   |   |   |   |--- feature_5 <= -0.20 

|   |   |   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |   |   |   |--- feature_5 >  -0.20 

|   |   |   |   |   |   |   |   |   |   |   |--- truncated branch 

of depth 2 

|   |   |   |   |   |   |   |   |   |--- feature_8 >  0.30 

|   |   |   |   |   |   |   |   |   |   |--- feature_5 <= -0.20 

|   |   |   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |   |   |   |--- feature_5 >  -0.20 

|   |   |   |   |   |   |   |   |   |   |   |--- truncated branch 

of depth 2 

|   |   |   |   |   |   |   |   |--- feature_6 >  0.06 

|   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |--- feature_4 >  0.60 

|   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |--- feature_3 >  -0.00 

|   |   |   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_2 >  0.04 

|   |   |   |   |--- feature_8 <= 0.47 

|   |   |   |   |   |--- feature_0 <= -0.36 

|   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |--- feature_0 >  -0.36 

|   |   |   |   |   |   |--- feature_4 <= -0.16 

|   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |--- feature_4 >  -0.16 

|   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |--- feature_8 >  0.47 

|   |   |   |   |   |--- class: 1.0 

|--- feature_3 >  0.06 

|   |--- class: 0.0 
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Figure 4.17: The rules of the first tree in Random forest for iraqi liver 

patient dataset 

 

Figure 4.18: The diagram of the first tree in Random forest for Iraqi liver 

patient dataset 

 

|--- feature_5 <= -0.20 

|   |--- class: 0.0 

|--- feature_5 >  -0.20 

|   |--- feature_7 <= -0.06 

|   |   |--- class: 0.0 

|   |--- feature_7 >  -0.06 

|   |   |--- feature_2 <= 0.18 

|   |   |   |--- feature_5 <= -0.01 

|   |   |   |   |--- feature_4 <= 0.57 

|   |   |   |   |   |--- feature_8 <= -1.13 

|   |   |   |   |   |   |--- class: 0.0 
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|   |   |   |   |   |--- feature_8 >  -1.13 

|   |   |   |   |   |   |--- feature_4 <= -1.08 

|   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |--- feature_4 >  -1.08 

|   |   |   |   |   |   |   |--- feature_9 <= 0.80 

|   |   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |   |--- feature_9 >  0.80 

|   |   |   |   |   |   |   |   |--- feature_8 <= 0.94 

|   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |   |--- feature_8 >  0.94 

|   |   |   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |--- feature_4 >  0.57 

|   |   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_5 >  -0.01 

|   |   |   |   |--- feature_4 <= 0.61 

|   |   |   |   |   |--- feature_6 <= 0.05 

|   |   |   |   |   |   |--- feature_3 <= 0.01 

|   |   |   |   |   |   |   |--- feature_7 <= 0.02 

|   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |--- feature_7 >  0.02 

|   |   |   |   |   |   |   |   |--- feature_9 <= -1.73 

|   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |   |--- feature_9 >  -1.73 

|   |   |   |   |   |   |   |   |   |--- feature_3 <= -0.12 

|   |   |   |   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |   |   |   |--- feature_3 >  -0.12 

|   |   |   |   |   |   |   |   |   |   |--- feature_0 <= -0.44 

|   |   |   |   |   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |   |   |   |   |   |--- feature_0 >  -0.44 

|   |   |   |   |   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |--- feature_3 >  0.01 

|   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |   |--- feature_6 >  0.05 

|   |   |   |   |   |   |--- feature_7 <= 0.11 

|   |   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |   |--- feature_7 >  0.11 

|   |   |   |   |   |   |   |--- class: 0.0 

|   |   |   |   |--- feature_4 >  0.61 

|   |   |   |   |   |--- class: 0.0 

|   |   |--- feature_2 >  0.18 

|   |   |   |--- feature_6 <= 0.00 

|   |   |   |   |--- feature_6 <= -0.05 

|   |   |   |   |   |--- class: 0.0 

|   |   |   |   |--- feature_6 >  -0.05 

|   |   |   |   |   |--- feature_3 <= 0.06 

|   |   |   |   |   |   |--- class: 1.0 

|   |   |   |   |   |--- feature_3 >  0.06 

|   |   |   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_6 >  0.00 

|   |   |   |   |--- class: 0.0 

Figure 4.19: The rules of the last tree (tree 89) in Random forest for Iraqi 

liver patient dataset. 
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Figure 4.20: The diagram of the last tree (tree 89) in Random forest for 

Iraqi liver patient dataset. 

 (b) Testing Phase 

    The %20 of testing samples tested based on each decision tree 

classifier constructed from the training phase to make voting. Then, select 

the prediction result  using the margin function (2.9) which measures the 

extent to which the average number of votes at X,Y for the right class 

exceeds the average vote for any other class. The figure (4.21) shows the 

result test samples of testing phase.  

 

Figure 4.21: The result test samples of testing phase. 

    For Indian liver patient dataset was used the same parameters except 

n_estimators = 70, and max_depth = 4  

|--- feature_4 <= -0.39 

|   |--- feature_5 <= -0.26 

|   |   |--- feature_8 <= -0.74 
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|   |   |   |--- feature_0 <= -1.22 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_0 >  -1.22 

|   |   |   |   |--- class: 0.0 

|   |   |--- feature_8 >  -0.74 

|   |   |   |--- feature_0 <= -0.48 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_0 >  -0.48 

|   |   |   |   |--- class: 1.0 

|   |--- feature_5 >  -0.26 

|   |   |--- feature_1 <= -0.60 

|   |   |   |--- feature_6 <= -0.21 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_6 >  -0.21 

|   |   |   |   |--- class: 0.0 

|   |   |--- feature_1 >  -0.60 

|   |   |   |--- feature_4 <= -0.44 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_4 >  -0.44 

|--- feature_4 <= 207.00 

|   |--- feature_2 <= 0.85 

|   |   |--- feature_4 <= 112.00 

|   |   |   |--- class: 0.0 

|   |   |--- feature_4 >  112.00 

|   |   |   |--- feature_2 <= 0.75 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_2 >  0.75 

|   |   |   |   |--- class: 0.0 

|   |--- feature_2 >  0.85 

|   |   |--- feature_8 <= 3.65 

|   |   |   |--- feature_4 <= 147.00 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_4 >  147.00 

|   |   |   |   |--- class: 0.0 

|   |   |--- feature_8 >  3.65 

|   |   |   |--- feature_9 <= 0.97 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_9 >  0.97 

|   |   |   |   |--- class: 0.0 

|--- feature_4 >  207.00 

|   |--- feature_0 <= 7.50 

|   |   |--- class: 1.0 

|   |--- feature_0 >  7.50 

|   |   |--- feature_0 <= 64.50 

|   |   |   |--- feature_2 <= 0.65 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_2 >  0.65 

|   |   |   |   |--- class: 0.0 

|   |   |--- feature_0 >  64.50 

|   |   |   |--- feature_3 <= 0.35 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_3 >  0.35 

|   |   |   |   |--- class: 0.0 

 

Figure 4.22: The rules of the tree 13 in Random forest for (ILPD) 
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Figure 4.23: The diagram of the tree 13 in Random forest for (ILPD) 

 

|--- feature_2 <= 1.75 

|   |--- feature_6 <= 124.00 

|   |   |--- feature_9 <= 0.47 

|   |   |   |--- class: 1.0 

|   |   |--- feature_9 >  0.47 

|   |   |   |--- feature_8 <= 3.45 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_8 >  3.45 

|   |   |   |   |--- class: 1.0 

|   |--- feature_6 >  124.00 

|   |   |--- feature_8 <= 3.15 

|   |   |   |--- class: 0.0 

|   |   |--- feature_8 >  3.15 

|   |   |   |--- feature_8 <= 3.35 

|   |   |   |   |--- class: 1.0 

|   |   |   |--- feature_8 >  3.35 

|   |   |   |   |--- class: 0.0 

|--- feature_2 >  1.75 

|   |--- feature_2 <= 7.50 

|   |   |--- feature_4 <= 147.50 

|   |   |   |--- feature_6 <= 75.00 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_6 >  75.00 

|   |   |   |   |--- class: 1.0 

|   |   |--- feature_4 >  147.50 

|   |   |   |--- feature_7 <= 6.15 

|   |   |   |   |--- class: 0.0 

|   |   |   |--- feature_7 >  6.15 

|   |   |   |   |--- class: 0.0 

|   |--- feature_2 >  7.50 
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|   |   |--- class: 0.0 

 
Figure 4.24: The rules of the tree 20 in Random forest for (ILPD) 

 

Figure 4.25: The diagram of the tree 20 in Random forest for (ILPD) 

 

Figure 4.26: The result test samples of testing phase for (ILPD). 

4.3.4.4 Evaluation of the Second Classifier 
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Figure 4.27: The values Confusion Matrix of RF algorithm for Iraqi liver 

patient dataset 

 

Figure 4.28: The values Confusion Matrix of RF algorithm for Indian 

Liver Patient Dataset 

 

    Figure 4.29: The evaluation criteria of the second classifier for two 

liver dataset  

4.3.4.5 The Third Classifier Results  

    It includes the results of the two phases (training and testing) of the 

classification for the liver disease using ANN algorithm. 

(a) Training Phase 

    In this stage, a 80% of data are used for training. When set up the 

network for training given the weights random, the network trains these 

weights until it becomes stable according to algorithm (3.4). The best 

training performance to Iraqi liver dataset using the following parameters: 
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Table 4.12: Best parameters for learning ANN algorithm for Iraqi liver 

patient dataset.  

Parameters Values 

Activation Relu 

hidden_layer_sizes (100,) 

learning_rate Adaptive 

learning_rate_init 0.001 

max_iter 200 

Momentum 0.9 

n_iter_no_change 10 

power_t 0.5 

Solver lbfgs 

validation_fraction 0.1 

 

    The number of layers = 3, and the number of iterations the solver has 

ran = 51. 

(b) Testing Phase 

    The %20 of testing samples tested based on the weights calculated 

from the training phase using (3.4) algorithm. Figure (4.29) shows the 

result test samples of testing phase. 

 

Figure 4.30: The result test samples of testing phase for Iraqi liver patient 

dataset. 

 

    For Indian liver patient dataset was used the same parameters except 

max_iter = 40. 

   The number of layers = 3, and the number of iterations the solver has 

ran = 41. 
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    The %20 of testing samples tested based on the weights calculated 

from the training phase using (3.4) algorithm. Figure (4.32) shows the 

result test samples of testing phase.  

 

Figure 4.31: The result test samples of testing phase for ILPD. 

4.3.4.6 Evaluation of the Third Classifier 

 

Figure 4.32: The values Confusion Matrix of ANN algorithm for Iraqi 

liver patient dataset 

 

Figure 4.33: The values Confusion Matrix of ANN algorithm for Indian 

liver patient dataset 
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    Figure 4.34: The evaluation criteria of the third classifier for two liver 

dataset  

4.3.4.7 The Fourth Classifier Results  

    It includes the results of the two phases (training and testing) of the 

classification for the liver disease using SVM algorithm. 

(a) Training Phase 

    This operation was explained previously in (3.5) algorithm where in 

the training phase for liver data is done in SVM using RBF according on 

the equation (2.32). During the training phase computed the hyperplane 

between the classes, according on the equation (2.29). Then, Find 

maximum distance of a point to the hyperplane (margin) between two 

classes. The best training performance to Iraqi liver dataset using the 

following parameters: 

Table 4.13: Best parameters for learning SVM algorithm for Iraqi liver 

patient dataset.  

Parameters Values 

C 0.4 

Gamma auto_deprecated 

Kernel Rbf 

max_iter -1 

decision_function_shape Ovr 
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100 
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(a) Testing Phase 

    The %20 of testing samples tested based on hyper plane equation using 

the equation (2.29). Figure (4.34) shows the result test samples of testing 

phase. 

 

Figure 4.35: The result test samples of testing phase for Iraqi liver patient 

dataset. 

 

    For Indian liver patient dataset was used the same parameters except 

C= 0.1 

 

Figure 4.36: The result test samples of testing phase for ILPD. 

4.3.4.8 Evaluation of the Fourth Classifier 

 

Figure 4.37: The values Confusion Matrix of SVM algorithm for Iraqi 

liver patient dataset 



Chapter Four                                 Experimental Results and Evaluation 

 

 
75 

 

 

Figure 4.38: The values Confusion Matrix of SVM algorithm for Indian 

liver patient dataset 

 

    Figure 4.39: The evaluation criteria of the fourth classifier for two liver 

dataset  

4.3.4.9 The Fifth Classifier Results  

 (a) Training Phase 

    As explained previously in (3.6) algorithm where in the training phase 

the 80% of liver data stored in the memory. There is no training operation 

in this phase. 

(b) Testing Phase 

    The %20 of testing samples tested based on the number neighbors used 

in algorithm, the algorithm that used to compute the nearest neighbors 

and the distance equation (2.38) to test each instance in testing dataset. 
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The best testing performance for two liver dataset using the following 

parameters: 

Table 4.14: Best parameters for testing KNN algorithm for two dataset.  

Parameters Values 

algorithm ball_tree 

metric minkowski 

n_neighbors 4 

p 4 

 

 

Figure 4.40: The result test samples of testing phase for Iraqi Liver 

Patient Dataset. 

 

 

Figure 4.41: The result test samples of testing phase for Indian Liver 

Patient Dataset. 
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4.3.4.10 Evaluation of the Fifth Classifier 

 

Figure 4.42: The values of Confusion Matrix KNN algorithm for Iraqi 

liver patient dataset 

 

Figure 4.43: The values of Confusion Matrix of KNN algorithm for 

Indian liver patient dataset 
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    Figure 4.45: The evaluation criteria of the fifth classifier for two liver 

dataset  

4.4 Proposed Algorithm vs. Related Works 

    The proposed model is implemented by five types of classification 

algorithms and compared with related works. Table (4.19) illustrates a 

comparison between the proposed model and the existent works.  

 

Table 4.15: Comparison between Other Existing Works and the Proposed 

Work 

Data Set  Researchers Methodology Accuracy 

 

 

 

 

 

 

 

 

 

 

ILPD 

L. Alice Auxilia (2018) [10] DT, 

RF, 

SVM, 

ANN 

81%, 

77%, 

77%, 

71% 

Nazmun Nahar & Ferdous 

Ara (2018) [11] 

RF 69.30% 

Thirunavukkarasu K et al. 

(2018) [12] 

KNN, 

SVM 

73.97%, 

71.97% 

Nazim Razali et al. (2019) [13] ANN 66% 

A.K.M Sazzadur Rahman et 

al. (2019) [14] 

RF, 

 DT,  

SVM,  

KNN 

74%, 

 69%, 

 64%,  

62% 

Md. Shafiul Azam et al. 

(2020) [15] 

DT, 

RF, 

KNN, 

60%, 

64%, 

66%, 

87.85 87.95 
96.05 91.82 

77.77 80.39 
93.18 89.65 

Accuracy Precision Recall F1-score
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20

40

60

80

100

120
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SVM 71% 

Rashid Naseem et al. (2020) 

[16] 

SVM, 

KNN, 

RF 

71.35%, 

64.15%, 

69.29% 

Jagdeep Singh et al. (2020) 

[17] 

RF, 

KNN 

71.53%, 

64.15% 

Proposed model DT, 

RF, 

ANN, 

SVM, 

KNN 

80.34%, 

77.77%, 

84.61%, 

80.34, 

77.77% 

Iraqi 

liver 

patient 

dataset 

Proposed model DT, 

RF, 

ANN, 

SVM, 

KNN 

99.06% 

99.06% 

95.32% 

89.71% 

87.85% 

 

 

 



 

 

 

Chapter Five  

Conclusion and Future 

Work 
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Chapter Five 

Conclusions and Suggestions for Future Works 

5.1 Introduction 

    Through the implementing of the proposed model on (ILPD dataset 

and Iraqi liver patient dataset) and discussion of the results. The 

following conclusions and suggestions for future work have been 

obtained. 

5.2 Conclusions 

1. In this proposed methodology, five classifiers were designed for 

liver disease classification and these classifiers are applied on two 

datasets of liver (ILPD and Iraqi liver Patient Dataset) which give 

better results. 

2. Normalization method has optimal effect on the proposed model 

using ANN, SVM, and KNN algorithms to improve the accuracy 

and efficiency of these algorithms, but not effect on the proposed 

model using DT, RF algorithms. 

3. On both datasets, results after the evaluation is different due to 

each dataset contain different amounts of instances, and the 

different amount of affected and no affected patient records. 

4. This model proved its effectiveness on liver disease classification 

by applying DT, RF, ANN, SVM, and, KNN algorithms where the 

obtained rate of classification is found 99.06%, 99.06%, 95.32%, 

89.71,and 87.85% for Iraqi liver patient dataset and 80.34%, 

77.77%, 84.61%, 80.34%, and 77.77% for ILPD dataset. 

5. This model achieved precision by applying DT, RF, ANN, SVM, 

and, KNN algorithms where the obtained precision of classification 

is found 100%, 100%, 100%, 92.13%, and 87.95% for Iraqi liver 

patient dataset and 80.34%, 82.07%, 90.69%, 80.34%, and 80.39%  

for ILPD dataset. 

6. This model achieved recall by applying DT, RF, ANN, SVM, and, 

KNN algorithms where the obtained recall of classification is 

found 98.68%, 98.68%, 93.5%, 95.34%, and 96.05% for Iraqi liver 

patient dataset and 100%, 92.55%, 88.63%, 100%, and 93.18%  

for ILPD dataset. 
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7. This model achieved f1-score by applying DT, RF, ANN, SVM, 

and, KNN algorithms where the obtained f1-score of classification 

is found 99.33%, 99.33%, 96.64%, 96.64%, and 91.82% for Iraqi 

liver patient dataset and 89.09%, 87%, 89.65%, 89.09%, and 

89.65% for ILPD dataset. 

 

5.3 Suggestions for Future Works 

    The possible future works for liver disease classification take several 

directions including: 

1. Using one of the feature selection algorithms to find the optimal set 

of features in dataset such as Chi-Squared. 

2. Implement classification with other normalization methods to note 

effect these methods on accuracy such as Min Max normalization. 

3. Implement classification with other machine learning algorithms 

for classifying data such as Naïve Bayes. 

4. Implement classification with deep learning techniques for 

classifying data such as CNN. 
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 الخالصة

، أصبحت أمراض الكبد من الموضوعات المهمة للباحثين في مجال في الوقت الحاضر

التكنولوجيا الطبية. ال يمكن إنقاذ مرضى الكبد إال إذا تم اكتشاف المرض مبكًرا ، وإال فإن فرص 

، وهو  النجاة تكون ضئيلة. ووفقًا لذلك ، فإن القضية األكثر أهمية هي االكتشاف المبكر والدقيق

أمر حاسم لعالج هذا المرض. التصنيف هو أحد القضايا الرئيسية في مجاالت اكتشاف المعرفة 

وقرار العلوم. هناك أنواع عديدة من الخوارزميات المستخدمة في بناء المصنفات واكتشاف 

 اضطرابات الكبد.

 

وتقليل معدل الخطأ  في هذه األطروحة ، تم بناء نموذج فعال لتصنيف أمراض الكبد لزيادة الدقة

في عملية الكشف عن االضطرابات. يتكون النموذج المقترح من أربع مراحل رئيسية: المعالجة 

وتصنيف مرض الكبد. قد تحتوي مجموعات   zوتطبيع درجة  وتقسيم البيانات للبيانات  المسبقة

البيانات على بعض القيم المفقودة. في هذا النموذج المقترح ، تتم طريقة التعامل مع هذه القيم عن 

طريق استبدال كل قيمة مفقودة بالقيمة المتوسطة. في هذه األطروحة ، تم استخدام خمس 

شبكات العصبية االصطناعية ، وآلة ناقالت خوارزميات )شجرة القرار ، والغابة العشوائية ، وال

 (.االقرب الى الجار و ك ،الدعم 

                                                                       

تم اختبار النموذج المقترح باستخدام مجموعتي بيانات الكبد )مرضى الكبد الهندي ومرضى الكبد 

العراقي(. بالمقارنة مع األساليب األخرى الحالية ، أظهرت النتائج أن النموذج لديه معدل دقة 

المتجهات عالية ، دقة شجرة القرار ، والغابة العشوائية ، والشبكات العصبية االصطناعية ، وآلة 

٪ و 99.06الداعمة ، والجار األقرب باستخدام مجموعة بيانات مرضى الكبد العراقي هو 

٪ وعند استخدام مجموعة بيانات مرضى الكبد الهندي 87.85و  89.71٪ و 95.32٪ و 99.06

 ٪.77.77٪ و 80.34٪ و 84.61٪ و 77.77٪ و 80.34، يكون معدل الدقة 
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